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Abstract

Essays on Online Job Search

by

Shuo Zhang

This dissertation focuses on the job searching and matching in online labor mar-
kets. Based on the field experimental data and internal data from job boards, my dis-
sertation explores research topics including workers’ job search behaviors, employers’
recruitment decisions, and the role of internet job platforms in online job matching.

In the first chapter, joint with Peter Kuhn and Kailing Shen, we study how explicit
employer requests for applicants of a particular gender enter the recruitment process
on a Chinese job board, focusing on two questions: First, to what extent do employ-
ers’ requests affect the gender mix of a firm’s applicant pool? Second, how ‘hard’ are
employers’ stated gender requests– are they essential requirements, soft preferences,
or something in between? Using internal data from a Chinese job board, we estimate
that an explicit request for men raises men’s share in the applicant pool by 14.6 per-
centage points, or 26.4%; requests for women raises the female applicant share by 24.6
percentage points, or 55.0%. Men (women)who apply to gender-mismatched jobs also
experience a substantial call-back penalty of 24 (43) percent. Thus, explicit gender re-
quests do shape applicant pools, and signal a substantial but not absolute preference
for the requested gender.

The second chapter, based on joint work with Peter Kuhn, Taoxiong Liu and Kebin
Dai, studies how workers make voluntary wage disclosure decisions in the job search
process using internal data from a leading online Chinese job board, Liepin.com. We
find that on average, workers’ disclosure decisions are consistentwith amodel inwhich
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high current wages are seen as "good news" by prospective employers: Workers are
more likely to disclose their wages when their wages are higher than might be ex-
pected, based on the worker’s resume and where they applied. Employers’ responses
to workers’ resumes, however, are hard to reconcile with these disclosure patterns:
While employers respond positively to workers with higher-than-predicted current
wages, they do so equally, regardless of whether those wages have been disclosed. This sug-
gests that firms can infer the unobserved ability associated with a worker’s current
wages from other aspects of her resume and application behavior. Finally, the act of
disclosing one’s current wage –regardless of its level– appears to reduce firm’s interests
in hiring a worker. Disclosures of low wages (which are rare) appear to be mistakes
(because they reduce both application success rates and offered wages); disclosures
of high wages may, however, benefit workers by filtering out unwanted low-wage job
offers.

The third chapter investigates gender bias in job recommender systems. By con-
ducting an algorithm audit in four Chinese job boards, I find that gender-specific jobs,
which are only displayed to one gender, account for 9.72% of the total recommended
jobs to identical male and female applicants. Gender-specific jobs differ in both the
job’s explicit quality and the words used in job descriptions: Compared to jobs that are
only recommended to men, only-to-women jobs propose lower wages, request fewer
years of working experience, are more likely to require literacy skills and administra-
tive skills, and tend to contain words related to feminine personality, which reflect
gender stereotypes in the workplace. Item-based collaborative filtering, content-based
recommendation algorithms and the hiring agents’ behaviors incorporated in job rec-
ommender systems are the possible drivers of the gender bias in job recommendations.
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Chapter 1

Gender-Targeted Job Ads in the

Recruitment Process: Facts from a

Chinese Job Board

1.1 Introduction

Statements in a job ad that either men or women are preferred by the employer
are used in many developing-economy labor markets; these include India, Indonesia,
Brazil, Pakistan, Nigeria, Russia, Mexico, Colombia, Peru and others which account for
substantial shares of the world’s labor force.1 Recent studies of posted job ads, includ-
ing Kuhn and Shen (2013); Helleseter et al. (2020); and Ningrum et al. (2020) have
demonstrated the following about these ads: Gendered job ads are much more com-

1Appendix A.1 provides examples of explicitly gendered job ads from the ten most populous coun-
tries served by Indeed.com ("the world’s 1 job site"), representing 57 percent of the world’s population.
With the exception of the United States, gendered ads were easy to find on all the remaining platforms.
A similar search on Computrabajo.com (which serves 20 Spanish-speaking countries) quickly detected
explicit gender requests on all the larger platforms – including Colombia, Mexico, Argentina, Peru and
Venezuela – with the exception of Spain and Chile.
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mon in jobs requiring low versus high levels of skill, and the gender requested in a job
ad is more closely tied to the job’s duties than to the identity of the firm posting the
ad. Gendered ads tend to reinforce, rather than counteract existing stereotypes of male
and female work, with requests for men most common in jobs like construction, driv-
ing, security services and upper management, and requests for women dominating in
‘helping’ and customer contact jobs like receptionists, clerks and customer service. Fi-
nally, employers’ explicit gender requests are highly correlated with requests for other
employee attributes: Jobs that requestwomen aremuchmore likely to request younger,
attractive, single workers, while ads that request men tend to request older, married
workers.

While the above research provides new information about how when and how often

employers post gendered job ads, to our knowledge no research has yet studied how
these ads enter the recruitment process after they are posted. In particular, economists
still lack answers to two key questions: First, how do workers respond to gender-
targeted job ads? Do these ads direct workers’ search toward jobs that request the
worker’s gender, and away from jobs that request the opposite gender? This ques-
tion is interesting because it sheds light on why employers use gendered job ads. Sec-
ond, how ‘serious’ are employers when they make a gender request in a job ad? At
one extreme, advertised gender requests could be hard requirements in the sense that
gender-mismatched applications are always rejected, or are successful only when no
workers of the requested gender apply. At the other extreme, advertised gender re-
quests could just be soft suggestions that a particular gender is preferred, or even that
a particular gender might prefer working in that job (for example due to the presence
of same-sex co-workers or a flexible work schedule). This question is interesting be-
cause it sheds light on why workers complywith employers’ gender requests, and on the
extent to which gendered job ads limit men’s andwomen’s choices in the labor market.

2
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To address these questions, this paper uses internal data from a Chinese job board
(XMRC.com) to establish a set of basic facts about how explicit gender requests in job
ads enter the recruitment process. A key advantage of our data is that – in addition to
knowing the characteristics of all the ads (including the requested gender, if any) – we
know the gender and qualifications of every person who applied to each ad, and (for
a subset of the ads) the gender and qualifications of the persons who were called back
to the ad. We establish four facts about aggregate patterns, and document two partial
correlations that suggest causal effects of explicit gender requests on application and
callback behavior.

First, as a summary indicator of the extent to which employers’ personnel selection
decisions reflect their gender requests in the job ad, we ask the following question: If a
job ad requests a particular gender, what share of its successful applicants (in our case,
callbacks) are of that gender? This statistic, which we refer to as gender matching – is 94
percent in jobs requesting women, 96 percent in jobs requesting men, and 95 percent
overall. Thus, 19 in 20 callbacks to gendered job ads are of the requested gender. Sec-
ond, a key source of this high gender matching rate is self-selection by workers: 92.5
percent of applications to gendered job ads are of the requested gender; this number –
whichwe refer to as workers’ compliancewith employers’ gender requests – is very sim-
ilar for jobs requesting men versus women. Notably, these matching and compliance
statistics for employers’ gender requests are higher than the corresponding statistics for
employers’ age, education and experience requests, suggesting that employer’s gender
requests play a particularly important role in the matching process.2

Third, both men and women who apply to jobs that request the opposite gender
experience lower callback rates than workers who apply to non-gendered jobs, or to

2See Section 2 for our exact definitions of matching on these dimensions. For example, in the case of
age our preferredmeasure is the share of callbacks that fall into the age range that is explicitly requested
in the job ad.
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jobs requesting their own gender. Thus, at least in the aggregate statistics, employers
appear to enforce their own gender requests by penalizing gender-mismatched appli-
cants. This enforcement is far from absolute, however. For example, among applicants
to jobs requesting women, men are 80 percent as likely to get a callback as women.
Among applicants to jobs requesting men, women are only 45 percent as likely to be
called back asmen, a differencewhich is highly statistically significant. Thus, at least in
the aggregate statistics, womenwho apply to ‘men’s’ jobs succeedmuch less frequently
than men applying to ‘women’s’ jobs.

Fourth, decomposing the total amount of gender matching in the aggregate data
into components associated with compliance, enforcement and their interaction, we
find that these components account for 74, 6, and 20 percent respectively. Intuitively,
the dominant role of compliance reflects the fact that applicant pools to explicitly male
and female jobs are highly gender-segregated. Thus, if these application patterns are
(hypothetically) held fixed, the gender mix of callback pools would strongly match
employers’ requests even if hiring from applicant pools was gender neutral in all job
types.3

Fifth – and turning now our motivating questions – , the high level of workers’ ap-
parent compliance in the aggregate statistics is not just an artifact of the tendency for,
say, women to apply to stereotypically female jobs (which request women more fre-
quently in our data). To demonstrate this, we regress the female share of applications
to a job ad on indicators for whether the ad requests men or women, with controls that
include firm-by-job-title fixed effects. Thus, even when comparing job ads posted by
the same firm for the same job title, we estimate that adding an explicit request for men
to a job ad reduces the female share of applicants by 15 percentage points, or 26 per-

3We emphasize the descriptive nature of this decomposition because high self-sorting could be
caused by high enforcement.
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cent; a request for women raises the female applicant share by 25 percentage points, or
55 percent.4 Importantly, Marinescu and Rathelot (2018a) show that job titles are more
detailed andmore predictive ofwages and application decisions than are six-digit SOC
codes.

To shed additional light on how employers’ explicit gender requests interact with
job titles in influencing workers’ application decisions, we use a Bayesian machine
learning approach (McCallum et al., 1998) to identify job ads whose gender prefer-
ences can be clearly predicted from the job title, and those that cannot. Consistent
with the hypothesis that prospective applicants try to infer their hiring prospects from
all the information contained in the ad, we find that explicit gender labels have the
largest effects on applicant gender mix in jobs whose title does not suggest a clear
gender preference on the employer’s part.5 Further, we find that men and women re-
spond differently to this ambiguity: essentially, men are not deterred from applying to
‘gender-ambiguous’ jobs, while women tend to apply onlywhen their gender is explic-
itly requested. This pattern – which echoes existing findings that female job searchers
are more ambiguity-averse, and more responsive to affirmative action statements than
men (Gee, 2019; Ibañez and Riener, 2018) – accounts for the larger effect of female than
male labels on the gender mix of applicants.

Finally, we show that the substantial apparent enforcement by employers of their
own gender requests in the aggregate statistics is not an artifact of how workers of
different ability levels self-select into making gender-mismatched applications. To
demonstrate this, we regress an indicator of whether an application received a callback
on indicators for the six possiblematches betweenworker types (men andwomen) and

4Consistent with Kuhn and Shen (2013) model of the effects of advertised employer preferences,
requesting either male or female applicants has a cost on XMRC: it reduces the total number of ap-
plications received. Effects of gender requests on the observed quality and match of applications (on
dimensions other than gender) are robustly zero, however.

5Some common job titles with this feature are "international trade person" and "accountant".
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job types (male, female, and no gender request), with fixed effects for job titles and for
individual workers. Also included are detailed controls for firm and job characteris-
tics, and for the match between the job’s requirements and the worker’s qualifications.
Thus, even when comparing applications made by the same worker to the same job
title, to which the worker is identically matched according to education, experience,
and age requirements, we estimate that gender-mismatched applications experience a
substantial callback penalty.6

Specifically, we estimate that a man’s callback probability falls by 2.2 percentage
points (or 24 percent) if he applies to an identical, explicitly female job compared
to a nongendered job. Women’s callback chances fall by a greater amount (3.7 per-
centage points or 43 percent) when applying to an explicitly male job compared to a
nongendered job. While highly statistically significant, both these effects are smaller
in magnitude than the corresponding regression-unadjusted differentials, a fact that
sheds light on the nature of selection into gender-mismatched applications. For ex-
ample, women who apply to jobs requesting men might do so primarily because they
feel they are better qualified according to some other characteristic – such as education
or experience – that compensates for being of the ‘wrong’ gender. If so, selection into
gender-mismatched jobs would be positive, and controlling for resume fixed effects
would increase the size of the estimated mismatch penalty. Instead, we find that the
estimated penalty falls, implying negative selection. This suggests that workers who
apply to gender mismatched jobs are of lower ability, or apply for jobs more indiscrim-
inately than other workers.

Our paper contributes to a number of literatures, the first ofwhich uses the contents
of job ads to study labor markets. These studies include Hershbein and Kahn (2018)

6We also control for the relationship between the applicant’s current (or most recent) wage and the
wage advertised in the job ad.
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andModestino et al. (2016), both ofwhich askwhether employers request higher qual-
ifications for the same jobs when local labor market conditions make workers "easier
to get". ?Brenčič (2010); Brenčič and Norris (2012), and Brenčič (2012) use the same
type of data to study aspects of employers’ recruiting strategies, including whether to
post a wage and whether to adjust ad contents during the course of recruitment. More
recently, analysis of posted job ads has played a rapidly growing role in the analysis
of developing-country labor markets, partly in response to gaps and weaknesses in
government-run surveys of employment and vacancies. These include Nomura et al.
(2017) and Ahmed (2018) for India; Matsuda et al. (2019) for Pakistan; and Hayashi
and Matsuda (2020) for Bangladesh and Sri Lanka, all of whom use job board data to
study detailed and high-frequency changes in employment and skill demand. Relative
to all these articles, a key advance of our paper is the use of internal job board data to
see whether and how such changes in ad content actually matter: do they direct work-
ers’ search, and do they inform potential applicants of how employers will respond
when workers who do not meet the advertised criteria apply?

Second, our paper relates to a large literature that studies racial, gender, and
other differentials in callback rates using resume audit methods (Bertrand and Mul-
lainathan, 2004; Kroft et al., 2013;Neumark et al., 2019). While our estimates of callback
differentials are not experimentally based, a key advantage of our job-board-based ap-
proach is that it lets us study callbacks to the entire population of jobs on offer, which
vary dramatically in their gender preferences. For example, even though a roughly
equal number of jobs on XMRC request women and men, 85 percent of ads for front
desk personnel explicitly request women, and 88 percent of ads for security person-
nel explicitly request men (Helleseter et al., 2020). This extreme heterogeneity poses
a challenge for audit studies, which typically elicit an average race or gender pref-
erence in a relatively narrow set of jobs, often selected to be approximately race- or
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gender-neutral.7 In contrast, a key parameter in our approach is this heterogeneity, as
captured by ourmismatch penalty parameter: how does, say, a woman’s callback proba-
bility change when she redirects her application from a nongendered to an equivalent
female job? As already noted, our estimates of the mismatch penalty control for un-
observed worker quality by using worker fixed effects, since we can observe the same
worker applying to different types of jobs.

Another related literature is a rapidly growing group of empirical papers that study
where jobseekers decide to send their applications. Motivated in part by an older the-
oretical literature on directed search in labor markets (e.g. Albrecht et al. (2006)),
these papers includeMarinescu andWolthoff (2020); Belot et al. (2017); and Banfi and
Villena-Roldan (2019), all of whom study the effects of the posted wage on the num-
ber and quality of applications a firm receives. Marinescu and Rathelot (2018a) study
the geographic scope of workers’ search, and Kudlyak et al. (2013) study howworkers
re-direct their search over the course of a search spell. Ibañez and Riener (2018) and
Leibbrandt andList (2018) study the effects of affirmative action statements on applica-
tion decisions, while Flory et al. (2015) andMas and Pallais (2017) study howworkers’
application decisions respond to competitive work environments and non-wage job at-
tributes respectively.8 Our paper differs from these in at least two key ways: it is the
first to focus on the effects of explicit gender requests in ads, and – instead of focusing
on a very particular subset of jobs – it studies application and callback decisions in the

7In addition to cost, a key reason for this narrow focus is the difficulty of constructing plausible re-
sumes for a large variety of jobs, many ofwhich are highly specialized. Thus, for example, both Bertrand
and Mullainathan (2004) and Kroft et al. (2013) restrict their attention to four occupations: sales, ad-
ministrative support, clerical, and customer service. Carlsson and Rooth (2007) study is noteworthy for
studying the heterogeneity in discrimination across 13 occupations.

8An emerging concern in this regard derives from the increasing capacity to micro-target all types
of online ads. For example, Verizon recently placed a job ad that was set to run "on the Facebook feeds
of users 25 to 36 years old who lived in the nation’s capital, or had recently visited there, and had
demonstrated an interest in finance"(Angwin et al., 2017). In contrast to the Chinese case that we study
– where all applicants can view all ads – in the Facebook case non-targeted workers were not even aware
of the ad’s existence.
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entire population of ads on this job board.
Finally, there is a large literature on gender differentials in labor markets, but very

little of it has focused on the explicit gender profiling of jobs in emerging economy
labor markets like the one we study here. Understanding this practice would seem to
be an essential component of understanding gender differentials in labor markets in
much of the world. We hope that this paper, which establishes a first set of basic facts
about how gendered ads enter the recruitment process in these markets, will stimulate
additional research on this under-researched phenomenon.

Section 1 of the paper describes our data source. Section 2 presents aggregate es-
timates of gender matching, compliance and enforcement. Sections 3 and 4 conduct
regression analyses of compliance and enforcement respectively. Section 5 discusses
implications of the results and possible avenues for further research.

1.2 Data

As noted, our data consist of internal records of XMRC.com, an Internet job board
serving the city of Xiamen. XMRC is a private firm, commissioned by the local gov-
ernment to serve private-sector employers seeking relatively skilled workers.9 Its job
board has a traditional structure, with posted ads and resumes, on-line job applica-
tions and a facility for employers to contact workers via the site. XMRC went online in
early 2000; it is nationally recognized as dominant in Xiamen, possibly due to its close
links with the local government and social security bureau.10

9The other major local job site, XMZYJS, is operated directly by the local government. It serves
private sector firms seeking production and low-level service workers. Unlike XMRC, XMZYJS does
not host resumes or provide a service for workers and firms to contact each other through the site.

10XMRCs offices are in the same building as complementary local government offices (e.g. for
social security and payroll taxation), offering employers the advantage of ‘one-stop shopping’ for
employment-related services.
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To document how gendered job ads enter the recruiting process on XMRC, we be-
gan with the universe of ads that received their first application between May 1 and
October 30, 2010. We then matched those ads to all the resumes that applied to them,
creating a complete set of applications. Finally, for the subset of ads that used XMRC’s
internal messaging system to contact applicants, we have indicators for which appli-
cants were contacted after the application was submitted. This indicator serves as our
measure of callbacks. Our primary dataset for the paper is this subset of ads where
both application and callback information is available (henceforth the callback sam-
ple), which comprises 3,637/42,744 = 8.5 percent of all ads. In Section 3, however –
where we focus only on application behavior—we use the full sample of 42,744 job
ads. Appendix A.4 provides summary statistics for the full and the callback samples;
they are very similar. AppendixA.4 also replicates our analysis of application behavior
on the smaller, callback sample, with very similar results.

Aside from being the only integrated dataset of ads, resumes, applications and call-
backs we are aware of – especially in an environment that permits gendered job ads
– , an important advantage of our 2010 XMRC sample is its simple and unambiguous
indicator of employers’ gender requests. On many job boards (both in China and else-
where), employers’ gender requests must be inferred by parsing the text of the ad, a
process which requires a number of judgment calls.11 On XMRC, in contrast, when
creating a profile for each new job that is advertised, employers were given the op-
tion to specify a desired gender. This datum was then displayed in the job’s online
description, together with (and in the same format as) more standard desiderata like
education and experience requirements, which are collected in the same way. Thus,
our measure of whether the employer states a gender preference is simple and stan-

11For example, in Spanish onemust decide whether "abogada" and "abogado" as job titles are explicit
gender requests; in Chinese one must decide whether the adjective ‘beautiful’ can describe both men
and women.
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dardized across all job ads.
A second advantage of our setting is the relatively simple nature of the search tech-

nology on the site: In 2010, XMRC’s site largely emulated printed job ads, where work-
ers peruse ads using simple search filters to decide where to apply. More recently (and
coming soon to XMRC), many job boards use machine learning to display suggested
job matches to individual workers based on the worker’s location, qualifications, em-
ployment history and recent searches. In these cases, the jobs a worker applies to are
jointly determined by the jobs that are suggested to her by the board’s algorithms and
her choices from that set.12 This joint determination does not apply to our data.

Third, the environment in Xiamen in 2010 was remarkably free of legal impedi-
ments to posting a gendered job ad, and free of stigma attached to employers post-
ing such ads. While China’s constitution has formally given women equal rights since
1982, these principles had few practical consequences for labormarkets until July 2012,
when the first lawsuit claiming gender discrimination in employment was filed. The
first regulations that appear to have constrained firms’ ability to post gendered job
ads on online job boards appeared in May 2016, when China’s Ministry of Industry
and Information Technology clearly specified fines for both job boards and employers
posting such ads.13 Since then, some Chinese job boards (especially some prominent
national boards) responded by eliminating – or at least making it hard to find – overtly
discriminatory job ads on their sites. Smaller and regional job boards continued to
post explicit gender requests after 2016, but enforcement has been increasing; XMRC
finally removed explicit gender requests in March 2019.14 That said, as described in

12We do not observe which ads were viewed by workers; thus our estimated effects should be in-
terpreted as incorporating workers’ decisions regarding which types of jobs to search for. See Horton
(2017) for a recent analysis of the effects of algorithmic recommendations in the labor market.

13See Appendix A.2 for additional details on China’s labor laws as they apply to gender profiling in
job ads.

14See Appendix A.3 for a recent survey of gender targeting on Chinese job boards.
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Appendix A.3, even boards that have eliminated gendered ads continue to allow indi-
rect signals of their employers’ desired gender, such as "gentleman" (绅士), "beautiful
face" (面容姣好), and "little brother/sister" (小哥哥) which refers to attractive young
men and women. Perhaps more importantly, many sites still allow recruiters to filter
applications and resumes by gender, making it easy to restrict their attention to only
male or female applicants.

In sum, while gendered recruitment by employers is still present in China’s new
legal environment, it is now less overt, more varied in formandharder to detect. XMRC
in 2010 thus provides a picture of how employers would choose to advertise jobs when
unconstrained, and of how employers treat applications that do not match a measure
of gender preferences that employers have few incentives to misrepresent. Arguably,
our XMRC data may also provide insights for how gendered job ads work in countries
where they remain largely unregulated.

In all, our primary dataset comprises 229,616 applications made by 79,697 workers
(resumes) to 3,637 ads, placed by 1,614 firms, resulting in 19,245 callbacks. Thus there
was an average of 63 applications per ad and 5.3 callbacks per ad. One in twelve ap-
plications received a callback, while one in four resumes received a callback. Notable
features of the job ads (documented in Appendix A.4) include the fact that 867/3,637
= 24 percent of ads requested female applicants, 18 percent requested male applicants
and the remaining 58 percent did not specify a preferred gender. The average years
of requested education were 12.2, and were more than a year higher in jobs request-
ing women than men. Forty-eight percent of ads specified a preferred worker age;
the mean requested age was 28. Consistent with the age twist identified in Helleseter
et al. (2020), the requested age was considerably lower for jobs specifically requesting
women. On average, one year of experience was requested. 58 percent of ads posted a
wage; the mean posted wage was 2,446 RMB per month overall but only 2,001 RMB in
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jobs requesting women.15

Notable features of the applications (also from Appendix A.4) are that
124,275/229,616 = 54 percent of applications came from women. The typical appli-
cation had 14.35 years of education, with women holding about half a year more edu-
cation thanmen. Average applicant age was 24.0 years. Other applicant characteristics
observed in our data (and used in the regression analysis) include experience, new
graduate status, marital status, current wage (when provided), myopia, height, the
number of experience and job spells listed, and whether an English version of the re-
sume is available.

To provide some context for the sample of jobs and workers on XMRC, Appendix
A.4 also compares the characteristics of job ads on XMRC with those of private-sector
employees in Xiamen and in urban China.16 These samples differ quite dramatically:
the ads on XMRC seek workers who are considerably younger, better educated, better
paid, and more female than the employed population of Xiamen, or of a typical large
Chinese city. This is as we might expect, for three reasons. The first is XMRC’s explicit
niche in the local labor market: to serve relatively skilled workers. Second, due to a
massive recent expansion of China’s higher education system, highly skilled workers
tend to be very young.17 Third, as on any job board, the ads and resumes on XMRC
represent vacancies and jobseekers, not employedworkers. Thuswewould expect new
labor market entrants (who are all looking for work) and young workers (who turn
over more frequently than other workers) to be substantially overrepresented relative

15Non-gendered jobs pay more than both F and M jobs because they have considerably higher skill
requirements. Thus, the comparison between F and M jobs of 1 – 2013/2515 =20 percent is probably a
more accurate measure of the gender wage gap.

16’UrbanChina’ in TableA.4 and throughout this paper refers toChina’s largest cities – specifically the
four municipalities directly under the jurisdiction of the central government (Beijing, Shanghai, Tianjin
and Chongqing) plus the 15 subprovincial cities.

17Rapid educational upgrading since the 2005 Census also implies that Table A.4 is likely to overstate
the education gap between the XMRC ads and Xiamen’s 2010 labor force.
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to the currently employed population. Finally, while definitional differences make it
very hard to compare occupations on XMRC and the Census, it appears that jobs in
production, construction and manufacturing are under-represented on XMRC, while
professional and technical jobs are highly over-represented. Again, this is consistent
with XMRC’s focus on skilled workers, a population we know is less subject to gender
profiling than less-skilled workers.

1.3 Gender Matching, Compliance and Enforcement:

Aggregate Statistics

Aggregate statistics on applications and callbacks are shown in Table 1.1, broken
down by the three job types in our data: jobs requesting women (F jobs), jobs request-
ing men (M jobs) and jobs that do not state a gender preference (N jobs). Turning
first to total gender matching, row 1 shows the share of callbacks that are female (δ)
by job type. These statistics indicate a high congruence of the callback pool with em-
ployers’ stated requests. Specifically, 94.0 percent of callbacks to F jobs are female and
100-3.7=96.3 percent of callbacks to M jobs are male. Combining F and M jobs, 94.8
percent of callbacks to gendered job ads are of the requested gender. Row 2 shows
the share of applications to the three job types that are female (α). It suggests that
applicants’ compliance with employers’ gender requests plays a substantial role in ac-
counting for this high level of gender matching, since applicant pools are almost as
highly sorted by gender as callback pools. Specifically, 92.6 percent of applications to
F jobs are female and 100-7.9=92.1 percent of applications toM jobs aremale. Combin-
ing F and M jobs, 92.5 percent of applications to gendered job ads are of the requested
gender.
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The remaining rows of Table 1.1 show that employers’ enforcement of their own
stated requests also helps to account for the overall amount of gender matching that
occurs. Specifically, in jobs explicitly requesting female applicants, men who apply are
only 1/1.246=80.3 percent as likely to be called back aswomen. In jobs requestingmen,
female applicants are only 44.5 percent as likely to be called back as a man. Thus, at
least in the raw data, employers’ enforcement of their own gender requests is stronger
against women applying to male jobs than men applying to women’s jobs.

To get a better sense of the overall amount of gender matching and its components,
it is useful to define the following index of gender matching:

G =
g − g0
1− g0

(1.1)

where g is the share of gendered ads that are of the requested gender and g0 is the
share of gendered ads that would be of the requested gender if there was no gender
matching (i.e. if we re-allocated the total population of called-back workers across all
jobs – whether F, N andM – so that the total number of callbacks to each job remained
the same, but the gender mix of callbacks was equalized across all jobs). Thus G = 1

if all callbacks to gendered jobs match the employers’ request, and G = 0 if the female
share of callbacks (δ) equals its population average in all jobs. In our data, g = .948

and g0 = .501, so our overall index, G = .897. In other words, on a scale where zero
indicates no gender matching and 1 indicates perfect matching, the total amount of
matching equals 0.9. With this index in hand, we can assess the relative contributions
of compliance and enforcement to gender matching, G, using the identity:

δJ =
θJαJ

θJαJ + (1− αJ
(1.2)

15



Gender-Targeted Job Ads in the Recruitment Process: Facts from a Chinese Job Board Chapter 1

where J = F,N, ”or”M and θ is women’s relative risk of being chosen from the ap-
plicant pool, i.e. the ratio of callback rates (f/m). Equation (2) allows us to compute
two counterfactual levels of g andG.18 Counterfactual 1 (no compliance) keeps enforce-
ment, θ, at its actual level in each of the three job types, but sets α (the share of women
in the applicant pool) at its population mean level in all jobs (i.e. at .541, from Table
1.1). Counterfactual 2 (no enforcement) keeps compliance, α, at its actual level in each
job type, but sets θ (women’s relative risk of being picked from the applicant pool) at
its population average, .866, in all jobs. The results are reported in Table 1.2.

According to row 2 of Table 1.2, eliminating worker compliance while maintain-
ing actual levels of enforcement would reduce the share of callbacks that are of the
requested gender, g, from .948 to .617. The corresponding decline in the gender match-
ing index, G, is from .897 to .232. Thus, workers’ compliance with employers’ gender
requests accounts for (0.897-0.232)/0.897=74 percent of the gender matching in our
data. According to row 3, eliminating employers’ enforcement while maintaining ac-
tual levels of worker compliance would have a much smaller impact, reducing g from
.948 to .921 andG from .897 to .842. Thus, active enforcement by employers of their own
gender requests accounts for only (.897-.842)/.897=6 percent of the gender matching
in our data. Because the decomposition in equation (2) is exact but nonlinear, the re-
maining 20 percent of gender matching is due to the interaction between compliance
and enforcement.19 We conclude that compliance, i.e. applicants’ self-sorting according

to employers’ gender requests in job ads, accounts for the vast majority of gender matching in

gendered ads. The intuition is straightforward: Because applicant pools are so highly
18Note that the G index depends on the relative sizes of the three job types (J), as well as on the

overall share of workers who are called back to each job type. Throughout the paper, we design our
counterfactual thought experiments to hold both of these quantities constant, varying only the gender
mix of workers who apply to different job types (or firms, occupations, etc.) and the gender mix of
callbacks.

19By ‘exact’ we mean that eliminating both compliance and enforcement would reduce G to zero.
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gender-segregated, even completely equal treatment of male and female applicants in
all job types would have only a small impact on the gender mix of callbacks to each job
if application patterns are held fixed.

To put our estimates of gender-matching, compliance and enforcement in context,
Appendix A.4 presents comparable measures of those three quantities for employ-
ers’ gender, age, education and experience requests, as well as for the match between
the posted wage and the applicant’s current wage (when reported). Thus, for exam-
ple, only 43.6 percent of call-backs, and 44.4 percent of applications match the em-
ployer’s education request. (An education match means the worker’s education falls
into the category –primary or less, junior middle school, high school, college/technical
school, or university—that is requested by the employer.) This compares to 94.8 and
92.5 percent for gender matching.20 More broadly, compliance, enforcement and total
matching are all greater for gender than for these other four characteristics (though
age comes a close second under some measures). While these differences are partic-
ularly dramatic on the worker self-selection side, substantial enforcement differences
are also present: The shares of age-, education-, experience- or wage-mismatched ap-
plicants that are called back all exceed 25.2 percent, compared to 5.2 percent of gender-
mismatched applicants. Together, these statistics suggest an especially important role
for gender, relative to these other characteristics, in determining what employers and
employees consider to be a good match.

20Mismatch in education, experience and wages is measured by the indicators used in Table 1.4’s
callback regressions, which are based on broad categories. Additional details are provided in Table A.5.
Table A.5 also presents results for a variety of measures of age-matching, as robustness checks.
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1.4 Regression Analysis — Compliance

Section 2’s aggregate statistics exhibit a high apparent level of worker compliance
with employers’ explicit gender requests: according to Table 1.1, F,N and M job ads
attract applicant pools that are 92.6, 44.7 and 7.9 percent female respectively. Depend-
ing on which types of jobs explicitly request men and women, these large differences
could over- or understate the causal effect of attaching an explicit gender label to a
typical ad. For example, if gender requests are primarily used as a type of affirmative
action (i.e. to attract workers to jobs in which their gender is underrepresented), these
rawgapswould underestimate the causal effects of explicit labels on application behav-
ior. Helleseter et al. (2020), however, show that explicit gender labels mostly reinforce
prevailing stereotypes; thus Table 1.1’s raw statistics could substantially overstate the
causal effect of attaching a gender request to a job ad.

To adjust for these confounding factors, this Section takes two complementary ap-
proaches. In the first, we regress the female share of applicants to an ad on explicit gen-
der requests, with controls for a detailed list of skill requirements and other desiderata,
plus firm and job title fixed effects. Job titles are themain heading in every job ad. They
provide a brief description of the job and can run up to 18 words on XMRC. For exam-
ple, here is a random sample of ten (translated) job titles on the XMRC website: front
desk administration assistant, project engineer, quality control, shift leader, customer
servicemaintenance specialist, administration,MEproduct engineer, experienced two-
dimension designer, customer service engineer, and front desk clerk. Job titles provide
considerably more relevant information about the type of work than even the most
granular standardized occupational classification systems. For example, Marinescu
and Wolthoff (2020) found that job titles on Careerbuilder.com were much more pre-
dictive of advertised wages than 6-digit SOC codes, and were essential controls for
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identifying the effect of advertised wages on the number and quality of applications
an ad received. Thus, in this approach we will be comparing the gender mix of ap-
plications to observationally identical ads for a very narrowly defined type of work,
holding constant the identity of the firm advertising the job.

In our second approach, we replace the job title fixed effects in the above analysis
by indicators of the predicted, or implicit ‘maleness’ or ‘femaleness’ of the job derived
from a machine learning analysis of the words in the titles. Essentially, we use the
words in the title to predict whether a person reading it can infer whether the job is
likely to request men, or to request women. While these two predicted probabilities
(Mp and Fp, respectively) absorb less variation in job characteristics than the full set
of title fixed effects, they provide a simple structure that helps us identify the types
of jobs where inserting a gender label into a job ad has the largest estimated impact
on application behavior. Notably, in both our estimation approaches in this Section,
we use the entire sample of job ads available to us, not just the subset for which call-
back behavior is observed. To check for robustness, we replicated both analyses for the
‘callbacks’ subsample with very similar results.21

1.4.1 Approach 1: Job Title Fixed Effects

As noted, here we run regressions in our entire sample of 42,744 ads, where the
dependent variable is the share of applications that are female (α).22 The regressors of

21Appendix Table A.6 reports these results for the title-fixed-effects approach.
22Appendix A.5 shows that requesting men (women) reduces the total number of applicants by 28

(31) percent. This is consistent with the idea that firmswho post gender requests are choosing to restrict
their attention to a smaller applicant pool (Kuhn and Shen, 2013). Gender requests appear to have no
effects on the mean education and experience of the applicant pool, or on the share of applicants who
satisfy the job’s experience, education and age requirements.
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interest are the labels attached to the ad (F,N orM). In more detail, we estimate:

αj = a+ b1Fj + b2Mj + cXj + ej (1.3)

where j indexes jobs (ads), F (M) is a dummy for whether the job requests women
(men) and N is the omitted job type. In column 1 of Table 1.3, we include no controls
(Xj). Column 2 adds controls for the following job characteristics: requested educa-
tion, experience, and age; the advertised wage; a dummy for whether a new graduate
is requested; the number of positions advertised; plus dummies for missing education,
age, wage and number of positions. Columns 3-5 in turn add occupation, job title and
firm fixed effects, and column 6 interacts these job title and firm fixed effects. Thus,
column 6 compares applicant pools across ads posted by the same firm for the same
detailed job title, but with different gender requests. The extent to which the b1 and
b2 coefficients attenuate as we add these controls captures the extent to which explicit
gender labels are correlated with other features of job ads (such as a typically male
occupation or job title) that allow applicants to infer the ad’s desired gender even in
the absence of an explicit gender request.

Table 1.3 shows that, as expected, the unadjusted effects of both the M and F job la-
bels attenuate substantially – from 35 to 15 percentage points for M labels and from 50
to 25 percentage points for F jobs – as we add detailed controls for job and firm charac-
teristics. Essentially all of this attenuation results from adding controls for occupation
and job titles in columns 3 and 4 respectively: different types of work attract differ-
ent ratios of men and women, most likely because men and women train for different
types of duties and may have different preferences. In contrast, adding firm effects in
column 5, and interacting themwith job titles in column 6 has almost no effect, suggest-
ing that detailed job duties are gendered in very similar ways by different employers.
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This noted, the estimated effects of the gender labels remain economically large and
highly statistically significant even in column 6, which compares the same job title in
the same firm with different gender labels attached. Specifically, adding a request for
men raises the male share of applications by 14.6 percentage points, or 26.4% (on a
base of 1-.447 from Table 1.1); adding a request for women raises the female share of
applications by 24.6 percentage points, or 55.0%.

It is worth noting that column 6’s estimates are not driven by a single large firm,
job title or title*firm cell: the 1,448 job ads that identify column 6 represent 416 distinct
job titles posted by 505 different firms, and comprise 686 title*firm cells. In Appendix
A.4 we show that these 1,448 ads are very similar to the full sample on most charac-
teristics (including education, age, and experience) though they advertise somewhat
lower wages (11%). Four of the five most common broad occupations in the identi-
fying sample (construction, sales, administration and manufacturing) are in the top
five overall, and nine of the most frequent job titles in the identifying sample are in the
top ten overall. Notably, while some firms request both men and women for the same
job title at different times, most of the ‘gender-request-switching’ that occurs within
firm*job title cells takes the form of either switching between F and N requests, or be-
tween M and N requests. In other words, for a substantial number of job titles, firms
sometimes request a particular gender, and fail tomake a gender request at other times.
This is the main source of variation that identifies the M and F coefficients in column 6
of Table 1.3. Finally, Appendix A.4 shows that estimates of column 6 that leave out one
job title at a time are all very close to the full-sample estimates. Together, these patterns
suggest that adding an explicit gender request to a job ad has substantial causal effects
on the gender mix of applications it will receive. In other words, employers’ gender
requests appear to direct workers’ applications.
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1.4.2 Approach 2: Implicit Maleness and Femaleness

To better understand the source of the apparent compliance effect identified in Ta-
ble 1.3, we now try to identify the types of jobs in which making an explicit gender
request has the largest effects on application mix. If prospective applicants are us-
ing gender labels and other features of the job ad to predict whether a person of their
gender would have a good chance of receiving a callback, we would expect explicit
requests to have the largest impact on applications in jobs where it is difficult for work-

ers to infer the employer’s gender preferences from the other contents of the ad. To formalize
this notion, we now replace the job title fixed effects in Table 1.3 by predicted proba-
bilities that the job requests men (women), calculated from the words that appear in
the title. Treating each ad’s job title as a document, we calculate the implicit maleness
and femaleness of each job using the Bernoulli naïve Bayes classifier (McCallum et al.,
1998) for document classification; classifiers of this type are widely used in predicting
whether a document is of a given type, for example a spam email. This methodological
innovation solves a common problem in the analysis of job board data, namely how
to collapse the high degree of granularity with which jobs are described into lower-
dimensional measures that are theoretically relevant to a research question. In our
case it allows us to summarize the implications of job titles for the employer’s likely
gender preferences with two scalars, summarizing the job’s expected ‘maleness’ and
‘femaleness’.

Briefly – details are available in Appendix A.6 – for each word, w, that appears
in our entire set of job titles, we first estimate the probability of observing that word
in the title of a job that requests men, Prob(”observe word” w | ”job requests men”)

using empirical frequencies. Next, treating job titles as ‘baskets of words’ which ap-
pear independently, we can compute the probabilities of observing a given job title, k,
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given the job requests men, Prob(”observe title” k |”job requests men” ) from its con-
stituent words. Finally, using Bayes formula plus an assumption about workers’ prior
beliefs, we can compute the predicted maleness of each job title based on the words it
contains.23 Using the same procedure to predict each title’s femaleness yields the two
continuous variables,

Mp ≡ Prob(”job explicitly requests men” | ”jobtitle” k) (1.4)

Fp ≡ Prob(”job explicitly requests women” | ”jobtitle” k) (1.5)

whichweuse in our empirical analysis to represent the information contained in the job
title about whether the job is likely to request men or women. Overall, Mp and Fp are
quite predictive of employers’ actual requests, with correlations of .411 and .402 with
actual requests for men and women (which are binary variables) respectively. As we
might expect, Mp and Fp identify what we might think of as stereotypically male and
female jobs: the five ‘most female’ job titles (starting with the highest) are "front office
desk staff", "administration office staff", "office staff", "cashier" and "administration as-
sistant". The five ‘most male’ are "driver", "technician", "warehouse managing staff",
"warehouse manager", and "production manager".24 These indices of implicit male-
ness or femaleness allow us to estimate the effect on application behavior of adding an
explicit gender request to jobs that ‘look the same’ to workers in terms of an employer’s
likely gender preference, and to see in which types of jobs the effect of explicit requests
on application behavior is the greatest.

23We adopt the naïve prior that the unconditional chances a job requests men equals 50 percent. This
simplifies the computations and reflects the idea that individual jobseekers may not have access to good
summary statistics on the share of jobs of different types available to them.

24Additional examples of job titles at different levels of Fp andMp are provided in Figure A.2.
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More specifically, we now regress the female share of applicants to a job, αj , on
employers’ explicit gender requests (F and M), plus all the control variables used in
column 5 of Table 1.3 (other than the job title fixed effects) plus quartics in the implicit
maleness or femaleness of the job that workers could infer from the job’s title (Mp and
Fp). In addition, each of these quartics is interacted with the three explicit job types,
F, N and M.25 These interactions allow, for example, the effect of an explicit request for
women to differ in jobs that are stereotypically male (based on the words that appear
in the job title) from jobs whose titles do not convey an obvious gender preference.

Predicted male and female applicant shares from these regressions are shown in
1.1. Part (a) of the Figure shows the predicted female applicant share as a function of
the predicted femaleness of the job based on thewords in the job title, separately for the
three types of jobs (F,N andM). Predictedmaleness is held fixed at itsmean. Part (b) is
the corresponding figure formale applicant shares as a function of perceivedmaleness,
holding predicted femaleness at its mean. Finally, part (c) shows the estimated effects
of encountering a request for a particular gender (relative to a non-gendered job) on
the share of that gender in the applicant pool, with 95 percent confidence bands. These
are the distances between the top two curves in parts (a) and (b).

Figure 1.1 shows, first of all, that explicit requests for male and female applicants
have stronger effects on the gender mix of applications when the words in the job title
do not send clear signals about whether the employer is likely to prefer men or women
(i.e. whenMp and Fp are low). For example, when Fp is near zero, the predicted effect
on the female applicant share of inserting an explicit request for women into anN job is
about 53 percentage points. This effect diminishes to about 26 percentage points when
Fp equals 0.7. A similar pattern is present for men, though it is less pronounced.26

25Appendix A.4 replaces this quartics by other functional forms, specifically a logistic specification,
and dummies for each quartile of Mp and Fp, and finds very similar results.

26We also note, however, that explicit gender requests continue to have substantial and highly signif-
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Second, there is a subtle but interesting gender difference regarding when explicit
requests matter. In ‘not-obviously-female’ (low Fp) jobs, women comprise a rela-
tively large share of applicants only when the job explicitly requests women. In ‘not-
obviously-male’ (lowMp) jobs, men comprise a relatively large share of applicants both
when men are explicitly requested, and when the ad does not make a gender request.
Together these patterns help us understand the much larger impact of F labels than
M labels on the applicant mix in Table 1.3. Essentially, the main gender difference in
application behavior occurs in jobs that – based on their title – are neither stereotyp-
ically male nor female. If we think of applying for jobs as entering a competition to
get hired, these patterns are evocative of well-known gender differences in entry into
competition (Niederle and Vesterlund, 2007), and of gender gaps in the propensity to
apply for jobs in the presence of ambiguity (Gee, 2019).

We conclude our discussion of compliance effects with a reminder that our sub-
stantial estimated compliance effects are consistent with at two very different under-
lying mechanisms. One is that job labels communicate information about a worker’s
chances of getting a callback; in this view, women avoid male jobs because they know
they have a lower chance of getting those jobs if they apply. The second mechanism
is that – much like labels on men’s and women’s clothing—job labels communicate in-
formation about whether the worker is likely to want the job, without conveying any
reluctance by the firm to transact with the worker. In this mechanism, women avoid
male jobs because women dislike certain job attributes – perhaps competitive pay poli-
cies, long and inflexible hours, or even the absence of female co-workers – associated
with those jobs. Assessing the relative importance of these two mechanisms requires
an analysis of how gender-mismatched applications are treated when they are made,
icant effects on application behavior at all levels of Fp andMp. It follows that the jobs’ implicit maleness
or femaleness would not be close substitutes for explicit gender requests, if those requests were prohib-
ited.
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which is our goal in the next Section.

1.5 Regression Analysis — Enforcement

Section 2’s aggregate statistics suggest a substantial amount of apparent enforce-
ment by employers of their own explicit gender requests: according to Table 1.1, con-
ditional on applying, women’s callback rate in explicitly male jobs is 4.3 percent, com-
pared to 8.7 percent in non-gendered jobs – a mismatch penalty of 4.4 percentage
points, or 51 percent. Men’s callback penalty from applying to explicitly female jobs,
defined analogously, equals 9.0 - 5.8 = 3.2 percentage points, or 36 percent. Depending
on which types of workers decide to apply to gender-mismatched jobs, however, these
differences could over- or understate the change in callback chances that a represen-
tative worker would experience if she redirected her application from a non-gendered
job to an identical job that requested the opposite gender.

To see this, imagine first that (say) women who apply to jobs requesting men are
better qualified on dimensions like education, experience, and unobserved ability that
the applicants hope will compensate for being of the ‘wrong’ gender. For the same
reason, women may restrict their applications to jobs that fit their qualifications more
closely when applying to explicitly male jobs. In both these cases, workers who make
gender-mismatched applications will be positively selected on unobservables, and Ta-
ble 1.1’s raw mismatch penalties will underestimate the adverse effects of gender mis-
match on the callback rate (because the people who choose to cross-apply are better-
qualified and better matched than those who do not).

Alternatively, selection into mismatch can be negative, for example, if the women
who apply to jobs requesting men are less able, or apply to jobs more indiscriminately.
This could happen because those workers have low application costs, are highly moti-
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vated to find a job, or are simply careless. In this case, Table 1.1’s 4.4 percentage point
mismatch penalty for womenwill overestimate the adverse effects of gender mismatch
on the callback rate. Adding controls for worker qualifications and job-worker match
should attenuate the magnitude of the estimated penalty towards its true, smaller
value.

To distinguish between these scenarios – and thereby measure just how ‘hard’ or
‘soft’ employers’ explicit gender requests are – , we run linear probability regressions
in a sample of applications, where the dependent variable is an indicator for whether
the worker received a callback. In doing so, we control as tightly as possible for other
aspects of match and worker quality that might affect callback rates. Of particular
note, we control for unobserved worker ability by using worker fixed effects – i.e.
we will compare the callback rates of the same worker who sends her resume to two
observationally-identical jobs that differ only in their explicit gender label. We control
for the detailed type of work using job title fixed effects. To account for the fact that
people who apply to gender-mismatched jobs might be better or worse matched to the
job on dimensions other than gender, we also include detailed controls for matching
on a variety of characteristics.

In more detail, we estimate the following linear probability model:

Callbacki = alpha+β1FtoFi+β2FtoMi+β3MtoFi+β4MtoMi+δMWorkeri+ϕXi+ ϵi

(1.6)
where i indexes applications. Of the six possible application types, women applying
to nongendered jobs ("F to N" ) is the omitted type. In this specification, β1 and β2 give
the effect on women of applying to "M" and "F" jobs (relative to nongendered jobs),
while β3 and β4 give the effect on men of applying to "M" and "F" jobs (again, relative
to nongendered jobs). The parameter gives the callback gap betweenmen andwomen
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applying to nongendered jobs. Our main focus will be on the gender mismatch penalties

associated with applying to a job that is targeted at the ‘other’ gender, β2 and β3.
Column 1 of Table 1.4 estimates equation 6 without controls, replicating the un-

adjusted gaps in Table 1.1. Column 2 adds controls for the job’s requested education,
experience and age; the advertised wage; and an indicator for whether a new graduate
is requested. Also included are indicators of the match between the applicant’s char-
acteristics and those requirements, including indicators for whether the applicant’s
education, age and experience are below or above the requested level, the match be-
tween the advertisedwage and the applicant’s current or previouswage, and thematch
between requested and actual new-graduate status. Column 3 adds controls for the fol-
lowing worker (CV) characteristics: whether he/she attended a technical school; the
applicant’s zhicheng rank; whether an English CV is available; the number of schools at-
tended, experience spells and certifications reported.27 Indicators for applicant height,
myopia and marital status are also included, all interacted with the applicant’s gen-
der.28

Column 4 adds fixed effects for the occupation of the advertised job, using XMRC’s
occupational categories. Column 5 adds job title fixed effects plus two indicators of the
amount of competition for the job: the number of positions advertised and the num-
ber of persons who applied to the ad.29 Our most saturated specification is column 6,
which adds a full set of worker fixed effects. In this case, the effects of fixed applicant
characteristics ("detailed cv controls" and the main gender effect) are no longer iden-

27Zhicheng is a nationally-recognized worker certification system that assigns an official rank (from
one through six) to workers in almost every occupation. Ranks are based on education, experience and
in some cases nationwide or province-wide exams.

28These ‘detailed CV controls’ introduced in column 3 are not requested in job ads very often, so it is
not practical to construct variables summarizing their match with the job’s requirements.

29These ‘queue length’ or ‘submarket tightness’ controls account for the possibility that overall com-
petition for callbacksmight be systematically stiffer in some job types than others. For example, callback
rates in jobs that request womenmight be lower for all applicants if women ‘crowd into’ those jobs more
than men crowd into jobs that request men (Sorensen, 1990).
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tified, but our main coefficients of interest – which are interactions between job and
applicant gender – can still be estimated. In effect, column 6 compares the outcomes
of the same worker who has applied to observationally identical jobs that differ only
according to the gender label (F, N or M) attached to the job, while allowing for this
effect to differ according to the applicant’s gender.

Before discussing our main coefficients of interest, it is worth noting that whenever
they are statistically significant, observable indicators of the match between worker
qualifications and job requirements are of the expected signs in Table 1.4: workers
who have less education or experience than requested, or are older than requested
are less likely to be called back. Finally, the job competition controls (not shown) are
always highly statistically significant, indicating that these highly localized measures
of labor market tightness have strong effects on the chances of being called back. Also
of some interest, workers with more education than the job requests also experience
a statistically significant callback penalty in all specifications but one(Shen and Kuhn,
2013).

Turning to the mismatch penalties, both men’s and women’s penalties attenuate
somewhat as we add covariates in Table 4. As discussed, this pattern suggests that
gender mismatched applicants are negatively selected, perhaps because they are less
discriminating in where they send their applications. Despite this attenuation, how-
ever, the estimated mismatch penalty remains economically and statistically signifi-
cant in the presence of worker fixed effects (column 6). For a woman, applying to a
job requesting men reduces her callback chances by 3.7 percentage points, only a lit-
tle less than the unadjusted effect (4.4 percentage points). For men, the attenuation
is more pronounced – from 3.3 to 2.2 percentage points – suggesting more negative
self-selection. In Appendix A.4, we probe this negative selection hypothesis further by
examining the application behavior of workers who make gender-mismatched appli-
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cations. We find that gender-mismatched applications come from workers who sub-
mit more than twice as many applications, compared to gender-matched applications.
Gender-mismatched applications also go to a much wider variety of occupations and
job titles, and tend to go to occupations and job titles with lower mean callback rates.
Finally, gender-mismatched applications are significantly less likely to satisfy the job’s
age and education requirements.30

Summing up, our preferred estimates in Table 1.4 (column 6) imply that both men
and women face substantial callback penalties when they apply to jobs that request
the ‘other’ gender. While our estimates do not support the hypothesis that being of
the requested gender is an essential requirement to get a callback, they do imply that
applicants who choose to apply to gender-mismatched jobs pay a price in terms of a
lower chance of getting a callback. Notably, this price (at 3.7 percentage points, or
43 percent) is higher for women than men (2.2 percentage points, or 24 percent), a
difference which is highly statistically significant.

Two potential concerns with the above estimates are the possibility of gender mis-
classification and the effects of luck in the application process. Concerning gender
misclassification, if some workers’ genders are miscoded in their XMRC profiles our
estimates of mismatch penalties would likely be underestimates, since some appar-
ently gender-mismatched applications might be revealed as gender-matched on closer
inspection by the employer. To check for this, we searched our data for individual
workers who apply to an unusually large number of apparently gender-mismatched
jobs, and excluded them from our sample. Appendix A.7 shows that excluding work-
ers who direct more than half of their applications to opposite-gender jobs has almost

30The one exception to this pattern is that cross-gender applications are more likely to meet or exceed
the job’s experience requirements. While this might reflect conscious positive selection on this one di-
mension, it could also result from the fact that the average resume has much more experience than the
average job demands (3.23 versus 1.13 years, respectively).
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no effect on the results.31

Concerning luck, our results could overstate employers’ openness to gender-
mismatched applicants if a significant number of mismatched applicants are called
back only because no candidates of the preferred gender applied to the job (Lang et al.,
2005; Lazear et al., 2018). While our job competition controls capture some of these
effects, a more direct test is to look directly at applicant pools containing zero appli-
cants of the requested gender. As it happens, none of the 666 male jobs in our dataset
received zero male applicants. We did find five female jobs that received no female
applicants, and these jobs did call back some men. However, these jobs constitute less
than 0.6 percent of the 867 female jobs in our sample.

We conclude this Section with two important caveats regarding the interpretation
of our enforcement estimates. The first is that the our estimated mismatch penalties in
callback rates do not in themselves constitute evidence for any particular form of dis-
crimination, such as taste-based or statistical discrimination. Indeed, mismatch penal-
ties are consistentwith a number of underlying processes, including gender differences
in productivity (both real and imagined) and the tastes of employers, recruiters, co-
workers and customers, with the important proviso that any such productivity or taste
differences must be highly job-specific to explain the patterns in our data: men need to
be strongly preferred in some jobs, and women in others. To distinguish among these
possible sources of mismatch penalties, research needs to examine the precise types of
jobs in which they occur. For example, to assess the role of job-specific productivity
differences one could look at taskswhere there is established evidence of gender differ-
entials in performance (Baker and Cornelson, 2018; Cook et al., 2021). Customer tastes

31Miscoding of the requested gender is not a concern since our data are the exact record of requested
gender that workers observe on the job board when deciding where to apply. See Appendix A.7 for
additional discussion of how gender is coded on the job board and on how we construct our "gender
misclassification-robust" subsample of applications.
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could be isolated by looking at jobs involving customer contact, and at employers’ re-
quests for applicant beauty. Indeed, Helleseter et al. (2020) find some support for a
customer-tastes explanation of a significant share of explicit gender requests. Specifi-
cally, they find a large group of ads requesting young, attractive women in customer-
contact jobs.

A second caveat concerns treatment effect heterogeneity. Specifically, while we
have a number of controls for the quality of the match between the worker and the job,
it is important to remember that our estimates still represent treatment-on-the-treated ef-
fects on the sample of applications people choose to make to gender-mismatched jobs.
If workers disproportionately apply to the gender-mismatched jobs where they know
their personal gender mismatch penalty (i.e. their personal treatment effect) is small,
our estimates in Table 1.4 will underestimate the callback penalty associated with a
randomly-selected gender-mismatched application.

1.6 Discussion

We believe that this is the first paper to study how workers respond to a com-
mon practice in developing-economy labor markets –explicit gender requests in job
ads—and also the first to study how employers treat applicants to these types of ads.
Our best estimates suggest that gendered job ads direct workers’ applications away
from jobs requesting the ‘other’ gender, and that employers penalize workers who ap-
ply to gender-mismatched jobs (in the form of a lower callback probability). Our es-
timated mismatch penalty is substantially greater for women who apply to men’s jobs
than for men who apply to women’s jobs.

To assess some additional implications of our estimates for men’s and women’s fi-
nancialwellbeing, inAppendixA.4we analyze thewages advertised by jobs requesting
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men and women. Controlling for both firm fixed effects and job title fixed effects (i.e.
holding fixed both the job’s detailed duties and the individual employer’s tendency to
pay above or below the market) we find that all three job types (F,N, and M) request
essentially identical amounts of education and experience. Jobs that request women,
however, offer wages that are 192 yuan/month or 7.8 percent less than both N and M
jobs, a difference which is highly statistically significant.32 Thus, by directing women
away from M and into F jobs, gendered job ads are also directing women into lower-
paying jobs.

Since gendered job ads mostly direct men and women into gender-stereotypical
jobs, they may also have consequences for gender segregation across occupations,
firms, and individual jobs (ads). Assessing the effect of gendered ads on segregation
from our estimates, however, is not possible without strong assumptions. With that
caveat in mind, Appendix A.8 uses the following assumptions to estimate the effects
of banning gendered job ads:33

(a) The causal effect of adding a gender request to an otherwise-unchanged job ad
on the gender mix of applicants is given by Column 6 of Table 1.3.

(b) Conditional on applying, the relative callback rates of female applicants in all
jobs (θ) is unaffected by an ad ban.

(c) Segregation within each of the three job types (F,N and M) is unaffected by a
ban: removing, say, all the female requests on the board does not affect workers’
choices among the jobs that were formerly labeled as female.

32Recall that the unadjusted wage gap between M and F jobs, without these controls, is considerably
higher, at 20 percent (from Table A.1).

33The United States banned gendered job ads in 1973, following a U.S. Supreme Court decision (Pow-
ell Jr, 1972). Austria effectively banned them in 2004, as part of the Austrian Equal Treatment Act. See
Walsh et al. (1975)for a fascinating study of gendered job ads in the United States prior to the 1973
prohibition.
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(d) Employers cannot circumvent the ban, for example by using code words and
other signals of their gender preferences to direct applications.

(e) The ban does not change the types of human capital workers choose to invest in
(for example, men’s decisions to train as nurses, or women’s as electricians).

Under these assumptions, we estimate that banning explicit gender requests on
XMRC would reduce gender segregation across jobs, firms and occupations by about
28, 27 and 19 percent respectively. While these findings are quite robust to changes in
assumption (b), other changes are much harder to assess. Most importantly, we cau-
tion that the actual reduction in segregation could bemuch smaller if (d) was violated,
and much larger in the long run if (e) was violated.

Because all our results are from a single job board, and because our estimates of
causal connections are not based on random assignment, we view our analysis as the
first rather than the last word on the effects of gendered job ads in labormarkets. In our
view, further analysis could profit fromwork in at least three different directions. First,
it would be of interest to conduct a resume audit study of employers’ ‘enforcement’
decisions: how will employers respond when we send identical resumes of different
genders to jobs that request male versus female applicants? We view such an analysis
as complementarywith our internal job-board-based approach, because resume audits
typically achieve tighter identification at the expense of focusing on only a handful
of jobs. This is a significant issue in an environment such as ours, where employers’
gender preferences vary dramatically across jobs.

Second, it would be useful to conduct a natural field experiment (Leibbrandt and
List, 2015; Ibañez and Riener, 2018) on workers’ compliance decisions: How, if at all,
do workers’ application decisions change when they are exposed to identical job ads
that differ only in the presence or absence of a gender request? Again, such an ap-
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proachwould be complementarywith a job-board-based approach because it provides
a better-identified estimate, but for a small subset of jobs.

Finally, internal job-board data could be fruitfully used to study natural experi-
ments associated with the imposition of a gendered-ad ban. An appealing feature of
this approach is that it would allow investigators to study the simultaneous changes in
both worker behavior (compliance) and firm (enforcement) behavior that result from
such a ban. In addition, to the extent that a job board constitutes a local, occupational
or national labor market, such a studywould capture general equilibrium effects of the
policy change, none of which are addressed by the preceding approaches.
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Figure 1.1: Effects of Gender Requests and Implicit Gender of the Job Ads on the Gen-
der Composition of Applications Received
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Notes:

1. Figures represent predicted values of the female/male share of applicants (α) from a
specification identical to column 5 in Table 1.3, where the job title fixed effects are re-
placed by quartics in Fp and Mp, each interacted with explicit job type (F, N and M).

2. Predictions in part (a), which shows the effect of implicit femaleness (Fp), holdMp at its
mean. Predictions in part (b), which depicts the implicit maleness (Mp), hold Fp at its
mean. All other characteristics are set at their means. The regression is weighted by the
number of applications to each ad, and standard errors are clustered at the firm level.

3. Part (c) shows the predicted effects of attaching an explicit male (female) label to a job
ad (relative to an N label) at different levels of implicit maleness (femaleness), with 95
percent confidence bands. Notably, both effects are larger in jobs whose title does not
convey a clear preference for the applicant’s gender. In addition, the effects of explicit
requests for women on application behavior are significantly larger (both economically
and statistically) than the effects of explicit requests for men.

4. Predictions for values of Fp or Mp greater than 0.9 are imprecise and not shown; only
2,462 ads have values in this range, comprising .0377 and .0330 of the sample respectively.
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Table 1.1: Application and Callback Patterns by Job Type
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Table 1.2: Actual and Counterfactual Gender-Matching Rates

Notes:

1. The population female applicant share (α ) (.541) is applied to all three job types when
calculating counterfactual 1.

2. The population female risk ratio (θ) (.866) is applied to all three job types when calcu-
lating counterfactual 2.

3. The gender matching index is calculated as G = g−g0
1−g0

, where g0 = .501.
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Table 1.3: Effects of Gender Requests on the Share of Female Applications Received
(α)

Notes:

1. In addition to the covariates shown, columns 2-5 also control for the following job ad
characteristics: requested experience level (quadratic), requested age level (quadratic
in midpoint of range), advertised wage (quadratic in midpoint of bin; 8 bins), dummy
for whether new graduate requested, number of positions advertised, plus dummies for
missing education, age, wage and number of positions.

2. All regressions are weighted by the total number of applications received.

3. ’Effective’ N excludes job titles, firm IDs, and title*firm cells that only appear in one ad
in columns 4, 5 and 6 respectively.
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Table 1.4: Effects of Gender Requests on Callback Rates

Notes:
1. In addition to the covariates shown, columns 2-6 include the following controls for

ad characteristics: requested education (5 categories), experience (quadratic), age
(quadratic), the advertisedwage (quadratic in midpoint of bin; 8 bins) and a dummy for
whether a new graduate is requested. Columns 2-6 also include a dummy for whether
the applicant’s new graduate status matches the requested status, plus indicators for
missing age and wage information for either the ad or the worker.

2. "Detailed CV controls" (used in columns 3-6) are an indicator for attending technical
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school; the applicant’s zhicheng rank (6 categories); an EnglishCV indicator; the number
of schools attended, job experience spells and certifications reported; and the following
characteristics interacted with gender: height, myopia, and marital status (interacted
with applicant gender)

3. Occupation fixed effects control for the 37 categories used on the XMRC website.

4. ’Effective’ N excludes job titles and worker IDs that only appear in one ad in columns 5
and 6 respectively.
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Chapter 2

Should I Show or Should I Hide –

When Do Jobseekers Reveal Their

Wages?

2.1 Introduction

A large literature has studied firms’ incentives to voluntarily disclose verifiable pri-
vate information that is relevant to their customers, workers and investors. This liter-
ature includes theoretical models (Jovanovic, 1982; Grossman, 1981; Milgrom, 1981)
and empirical studies of firms’ decisions to reveal information like financial perfor-
mance (Depoers, 2000), HMO service quality (Jin, 2005) and restaurant hygiene (Bed-
erson et al., 2018). This literature has also investigated the effects of public policies
thatmandate information disclosure by firms, such as impending layoffs (Kuhn, 1992),
restaurant inspection reports (Jin and Leslie, 2003), the salaries of the other workers in
a firm (Baker et al., 2019; Kim, 2015; Bennedsen et al., 2019), and the nutritional content
of packaged food and restaurant meals (Mathios, 2000; Bedard and Kuhn, 2015).
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During the past decade, a number of policies that regulate the disclosure of infor-
mation about workers in labor markets have captured the attention of economists and
policymakers. Interestingly, in contrast to mandating disclosure of the seller’s charac-
teristics, these policies aim instead to restrict the flow of verifiable private information
from sellers (i.e. workers) to buyers. These policies include ‘blinding’ employers to
the worker’s gender or ethnicity (Goldin and Rouse, 2000; Krause et al., 2012; Behaghel
et al., 2015), and prohibiting employers from asking workers about their criminal his-
tory (Agan and Starr, 2017;Doleac andHansen, 2020), about their credit history (Bartik
and Nelson, 2016; Bos et al., 2018; Ballance et al., 2020) and about their salary history
(Agan et al., 2020; Hansen and McNichols, 2020; Khanna, 2020).

While workers, just like firms, have the option to voluntarily disclose almost any
information they wish –and while such disclosure is generally not prohibited by the
above labor laws–, there appears to be very little existing economic research on work-
ers’ voluntary disclosure decisions in the labor market: What do workers tell firms
about themselves, and what do they hide? Under what conditions is disclosure or
concealment more likely? In part, such studies have been rare because data on the
information that is exchanged between individual workers and firms during the re-
cruitment process has been hard to obtain and codify. Recently, however, Agan et al.
(2020) have surveyed workers about how they would react to salary information re-
quests from firms, and Kreisman et al. (2021) have used a large national sample of
resumes to study which aspects of their educational background workers report or
omit.1 Closely related, Agan et al. (2021) use resume audit methods to study how
U.S. recruiters react to (fictitious) workers’ wage disclosure decisions; we compare our
results on this question to theirs in Section 6 and find they are surprisingly similar.

1Kreisman et al. (2021) can identify true, missing information because they can link online resumes
to records of educational institutions. In related work, Cullen and Perez-Truglia (2020) study workers’
decisions to share their current salary information with each other.
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Resume audits, however, cannot investigate workers’ voluntary wage disclosure deci-
sions which are our main focus here.

In this paper we exploit data on over a million resumes posted on a large Chinese
job board, Liepin.com, to study job seekers’ decisions on whether or not to reveal their
current or most recent salary to potential employers. Because workers must input their
salary information to create a profile on the board, we see the actual wages of both the
revealers and the concealers, allowing us to identify exactly which wages are revealed,
and to measure the extent to which employers can infer a concealing worker’s cur-
rent wage from other available information, including her application behavior and
the other contents of her resume. Using internal information on how workers’ appli-
cations were processed by recruiters also allows us to describe the association between
disclosed wages and workers’ success in the job search process.

Knowing which workers voluntarily reveal their wages to potential employers is
useful for at least three reasons. First, identifying the revealers tells us which work-
ers are most likely to be affected by labor market policies that limit recruiters’ use of a
worker’s current salary information, such as the salary history bans (SHBs) that have
been adopted in the United States and Canada since 2016. In the case of SHBs, Agan
et al. (2020) argue that workers who volunteer their wage information without being
asked (’always disclosers’ in their model) are the most likely to experience spillover
benefits from a salary history ban, possibly at the expense of the ban’s intended ben-
eficiaries.2 If this group is disproportionately male and high wage, a salary history
ban that does not prohibit voluntary wage disclosure could raise the gender wage gap.3

2This is because the SHB removes from the group of disclosers the ones with the lowest possible
benefits from disclosure—i.e. the ones with less of the desirable characteristic that is signaled by disclo-
sure.

3Whilemost SHBs are ambiguous or silent aboutworkers’ right to disclose voluntarily, some of them
explicitly protect this right. For example, in California, "If an applicant voluntarily and without prompting
discloses salary history information to a prospective employer, nothing in this section shall prohibit that employer
from considering or relying on that voluntarily disclosed salary history information in determining the salary for

45



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

Alternatively, in other contexts (such as the job board we study) one could imagine a
platform reconfiguration that discouraged or prevented workers from revealing their
current salaries to employers.4 Knowingwhichworkers voluntarily disclose today tells
us which workers would be directly constrained by such a policy.

Second, workers’ disclosure decisions convey key information about the nature of
information asymmetries in labor markets: While labor market models with private
worker ability (Gibbons and Murphy, 1992; Oyer and Schaefer, 2010) and models of
market-based tournaments (Waldman, 2013; DeVaro and Kauhanen, 2016) emphasize
the fact that workers’ current wages can signal their unobserved ability, monopsony-
based models (Manning, 2003; Card et al., 2018), efficiency wage models (Lazear
et al., 2016) and some on-the-job search models (Burdett, 1978) emphasize the direct,
reservation-wage consequence of having a higher current wage: Hiring this worker
will almost surely cost the employer more than a lower-wage worker.5 Because high
current wages are ’good news’ to prospective employers in the former case (at least if
workers and firms share in the surplus from the employment relationship) and ’bad
news’ in the latter case, knowing how employers react to high versus low wages sheds
light on the relative importance of these two canonical forms of asymmetric informa-
tion. It can also reveal the circumstances under which the ability-signaling or the reser-
vation wage effects of a higher current wage is more important to real recruiters.

Finally, we note that most workers –unlike sellers in product markets who may sell
the same product millions of times– search for new jobs only a few times in their lives.6

that applicant." (California Legislature, 2017).
4Barach and Horton (2021) study a policy like this on Upwork.com. Such a move on Liepin would

move it closer to a typical U.S. job board, since salaries are rarely listed in online resumes in the United
States.

5In the efficiency wage case, the worker will also be less motivated at any given (new) wage.
6Topel and Ward (1992) report a career average of 11 jobs per worker in the United States. While

this number is likely much higher in certain high-turnover industries and skill groups, it does not seem
unlikely for the highly skilled professionals who look for work on Liepin.
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Furthermore, these forays into the labor market are occurring during a period of rapid
institutional change, as a number of competing intermediaries, including job boards,
job and resume search engines, and matchmaking services continue to update their
differentiated products.7 In this situation, it is not at all clear that workers’ decisions
on how best to ’sell themselves’ online are made in the most effective manner. Indeed,
most of the statistics that would be needed for workers to make informed decisions
about issues like resume design and wage disclosure are simply not available to them.
Thus, an additional contribution of the current paper is to give workers information
about how other workers make their disclosure decisions and how employers react to
those decisions. This may shed some light on the efficacy of workers’ current practices,
and could suggest some changes in workers’ strategies and in platform design that
could benefit workers.

Our first main finding is that –as in empirical product market studies like Depo-
ers (2000), Jin (2005), and Bederson et al. (2018), workers’ disclosure of their current
wages is incomplete, with only 40% of applicants revealing their current wages to em-
ployers.8 As is widely recognized in the literature, partial disclosure is inconsistent
with the unraveling predictions of early theoretical models, such as Milgrom (1981),
but is consistent with a variety of extensions that allow for disclosure costs (Jovanovic,
1982; Fishman and Hagerty, 1989), unsophisticated buyers (Hirshleifer et al., 2004;

7Ongoing changes include integrating job boards with resume processing software, and using ma-
chine learning to propose matches to both firms and workers.

8While data on the frequency of voluntary wage disclosure by workers appears to be scarce, a num-
ber of recent surveys have asked workers about whether, and when their current employer asked them
to reveal their previous wage. For example, Hall and Krueger (2012) found that 47 percent of U.S. work-
ers reported that their employers had learned their pay in their earlier jobs before extending the offer.
Barach and Horton (2021) reports 29.4% of respondents to their survey were asked by their employers
about their compensation history, and 82.6% among them reported the inquiry occurred before making
a job offer. A survey conducted by Agan et al. (2020) suggests that 25 percent of respondents reported
that the employer asked for their current salary at some point during the application process in the last
job they applied to. PayScale (2017) reports 43 percent of respondents were asked about their salary
history during the interview process.
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Fishman andHagerty, 2003), buyers with heterogeneous tastes (Hotz and Xiao, 2013),
imperfect competition among sellers (Board, 2009), sequential competition (Guo and
Zhao, 2009) and multiple dimensions of quality (Levin et al., 2009).

Second, we show that the absolute level of a worker’s current wage has a statisti-
cally significant but economically trivial effect on the likelihood a worker will disclose
her wage. Third –and in contrast– three different indicators of whether a worker’s
current wage is higher than a reasonably sophisticated employer might forecast for
a non-disclosing applicant strongly predict workers’ decisions to reveal their current
wages in their resumes. This suggests that workers, on average, expect that revealing
a high wage (relative to a low one) is good news to employers: High wages signal
higher ability without unduly discouraging employers due to higher expected wage
costs. Notably, heterogeneity across workers in a ’naive’ form of overconfidence is not
a good explanation of these patterns: naively overconfident workers should both ap-
ply aggressively (to jobs that pay much more than their current wage) and reveal their
current wages. We find, instead, that workers who apply aggressively are less likely to
reveal their wages than other workers, suggesting a strategic motive.

Fourth, for reasons that appear to be unrelated to the above strategic considerations,
men are much more likely to disclose their current wages than women. Specifically,
in all regression specifications –and regardless of whether we control for the appli-
cant’s actual wage– women are about 20% less likely to reveal their current wages than
men. Furthermore, this gender gap is even larger among workers whose wages are
unexpectedly low (relative to their resumes and application decisions). This pattern
suggests that greater male overconfidence contributes to the gender gap in wage dis-
closure, though as noted overconfidence cannot account for the association between
wages and disclosure.

Fifth, even though workers seem to try to communicate unexpectedly high wages
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by revealing them (and to hide unexpectedly low wages by concealing them), evi-
dence on how firms process applications suggests that these actions by workers are
largely ineffective: The (positive) effect of having an unexpectedly high current wage
on all three of our indicators of a candidate’s success in the recruiting process is essen-
tially identical, regardless of whether the candidate reveals her wage or not.9 This suggests
that employers can infer these idiosyncratic components of individual workers’ ability
from other aspects ofworkers’ resumes that are challenging for investigators to encode.
Interestingly, Banfi and Villena-Roldan (2019) find a parallel result for the wages em-
ployers attach to jobs (for example when setting up a profile for the job ad): these
wages appear to direct workers’ search even when they are not displayed in the job ad.
Thus, workers appear to be able tomake similar inferences from the text of job postings
as employers do from resumes.

Finally, regardless of whether workers’ wages are unexpectedly high or low, dis-
closing them appears to modestly reduce the probability that an application succeeds
in the candidate selection process. Detailed analysis of the sources of these effects
suggests two distinct explanations: While low-wage applicants tend to avoid disclos-
ing their wages, workers in the bottom two wage deciles who do disclose their wages
experience sharply lower success rates, and receive lower wage offers. We therefore
interpret these disclosures as mistakes that convey negative information about ability
that employers cannot infer from other resume contents. Disclosing a high wage (rela-
tive to other applicants) also reduces success rates, reducing the success-rate advantage
of having a high current wage substantially. Since we also show that disclosing high
wages raises the mean offered wage conditional on success, we argue that these disclo-
sure decisions may perform a useful function for workers, by signaling a commitment

9Our threemeasures of success, in order of increasing exclusivity, arewhether a candidate ismarked
as ’suitable’, whether his resume was downloaded, and whether he was marked a a recruiting ’target’.
Only 4.8 percent of resumes were marked as targets)
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not to accept low wage offers.10

We conclude this Section by summarizing our paper’s contributions to four distinct
literatures: on salary history bans (SHBs); on the effects of workers’ wage histories;
on voluntary quality disclosure decisions; and on asymmetric information in labor
markets. Ourmain contribution to the literature on salary history bans is to identify the
workers who are most likely to continue to disclose their wages in the presence of laws
(like those in the U.S.) that only prevent employers from asking. As one might expect,
we find that these always-disclosers are disproportionately male. Perhaps less expected,
conditioning on gender they are not disproportionately highwage earners. Instead, the
disclosers are disproportionatelyworkerswho adopt a conservative application strategy
(i.e., focusing on jobs where most other applicants are currently paid less than they
are).

Relative to the (very small) literature on workers’ voluntary wage disclosure, we
expand the scope of investigation beyond workers’ stated disclosure intentions (Agan
et al., 2020), and beyond studies based on platforms for temporary or part-time jobs
(Barach and Horton, 2021), to a large, naturally occurring labor market spanning a
wide set of industries and occupations. Both workers and firms on our platform are
searching for long-term, full-time job matches, and so face much higher stakes when
making their revelation, application, and hiring decisions than on platforms like Up-
work. In addition, relative to both Agan et al. and Barach-Horton, –who focus on
wage disclosure during the post-interview stage– we focus on wage disclosure deci-
sions in an earlier stage of the recruitment process: resume design and applications.
This change in focus forces us to confront –both theoretically and empirically– the fact

10Specifically, having a higher-than-expected wage rises the probability of being marked as a target
worker (our most exclusive indicator of worker success) by 0.0019 to 0.0034, which is an increase of
about 4.0% to 7.1% relative to the mean targeting rate. Revealing this high wage offsets that positive
effect by about one-third.
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that a worker’s wage disclosure decisions can determine whether they receive a job of-
fer or not. Since this remains a possibility at all stages in the recruitment process, our
theoretical and econometric approach to disclosure decisions can also be useful for the
study of disclosure decisions in later phases of the recruitment process as well.

Third, together with Kreisman et al. (2021)–who study education revelation
decisions– we extend the large literature on voluntary quality disclosure to decisions
made by workers, as suppliers of labor. As we demonstrate in the paper, disclosure
decisions in labor markets may differ from product markets because (a) workers (sell-
ers) participate only infrequently in the market, (b) each worker has only one unit
to sell, (c) each buyer (vacancy) is usually seeking to buy just a single unit, and (d)
search frictions limit the pool of applicants from which the buyer can choose. Un-
der these conditions –rather than always preferring high- over low-quality workers–
buyers (firms) might rationally prefer workers who are ’good but too good’, with in-
teresting implications for workers’ optimal disclosure decisions.

Finally, we contribute to the large literature on asymmetric information in labor
markets by providing evidence on the nature of the information contained in workers’
current wages: Overall, –with the possible exception of workers with very highwages–
our results indicate that employers perceive high wages among their job applicants as,
on net, an advantage, not a disadvantage. This provides empirical support for models
of labor markets in which firms share rents with workers, and in which the most im-
portant unobserved feature of workers (from firms’ point of view) is not the level of
workers’ outside options but their unobserved ability.

The remainder of the paper is organized as follows. Section 2 summarizes the struc-
ture and results of a model of optimal wage disclosure in a static search setting, which
is consistent with two of our main empirical results: disclosure increases with work-
ers’ current wages (relative to employers’ expectations based on application behavior
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and resume contents), and firms prefer workers with higher current wages (again rel-
ative to expectations), as long as those wages are not too high. Section 3 describes
Liepin.com and the data we have constructed from its internal records, and Section
4 describes our estimation approaches. Section 5 presents our evidence on workers’
voluntary wage disclosure decisions, and Section 6 provides evidence on how firms
respond to workers’ current wages and disclosure decisions. Section 7 concludes.

2.2 A Model

In this Section, we describe the structure main results of a model of workers’ deci-
sions on whether to disclose their wages in the early stages of job search, for example
by including their wage in their resume or job board profile.11 Amore detailed exposi-
tion and proofs of these results are provided in Appendix B.1. In our model, we think
of workers as sellers who can choose whether to disclose their quality (wage), and
employers as buyers who maximize profits by hiring workers based on their current
wages and disclosure decisions. The model considers a ’one-shot’ job market where a
fixed number of job seekers send a fixed number of applications to a fixed number of
jobs (or ’firms’), then each firm can offer a job to asmany applicants as it wants. All the
workers are ranked in terms of current wages, which have an increasing, one-to-one
relationship with the worker’s productivity in every firm. All the firms are ranked in
terms of productivity as well, and it is efficient for abler workers to match with more
productive firms.

Ourmodel deviates frommodels of quality disclosure in productmarkets in at least
three key respects: (1) each seller (worker) has only one unit of the good to sell; (2)

11Although framed as includingwages in one’s resume, themain insights of ourmodel apply towage
revelation at any stage of the hiring process, so long as revealing a wage that is too high can jeopardize
receiving a wage offer.
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workers apply to and receive offers from a finite number of firms; and (3) offers are
costly for firms to make. Under these conditions –rather than always preferring high-
over low-quality workers– firmsmight rationally prefer workers who are ’good but too
good’, and workers will design their disclosure decisions knowing that their applica-
tions will be seen by multiple, heterogeneous employers. In general, these employers
will hold different beliefs about a non-disclosing worker’s wage (because employers
do not know which other jobs their applicants applied to). A worker’s decision on
whether to disclose will then depend on the mix of jobs to which he expects to apply.

The purpose of the model is to demonstrate two main results. First, even though
we assume that job seekers’ productivity increases monotonically with their current
wages, in almost all firms the expected return to offering a job to a worker is a non-
monotonic (hump-shaped) function of the worker’s current wage.12 In other words,
each vacancy has a range of applicant wages to which it makes job offers, and the
vacancy does not make any offers to workers with wages outside that interval. The
intuition for this result is based on the fact that workers expect to receive more than
one offer, but can only accept one of them. Because of this (as in the academic labor
market), some high-wage workers will be ’too good’ for firms to extend offers to.

Second, consider the relationship between a worker’s current wage (relative to the
expectations of the firms she will apply to) and the worker’s privately optimal dis-
closure decision. Our model predicts that workers with the lowest wages will con-
ceal their wages, while workers in a range of wages above that will reveal their wages.
Workers with the highest wages may reveal or conceal their wages, depending on the
distribution of firm productivities. Stated differently, workers who intend to apply
very aggressively (to jobs where they are among the lowest-wage applicants) should
hide their wages, and workers who intend to apply less aggressively should reveal

12The only exception is the most productive firm in the market.
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them. The least aggressive applicants –i.e. the ones with the highest wages relative to
their co-applicants– might prefer to reveal or conceal their wages.

The intuition behind this second result is based on the two distinct effects of hav-
ing a higher current wage: higher current wages result in higher wage offers, but also
affect the chances of getting an offer. At low wage levels, increases in the worker’s
current wage raise both offered wages and offer chances– thus, they make disclosure
unambiguously more attractive. At higher wage levels, however, additional wage in-
creases can reduce offer chances; if this effect is strong enough, concealment could be
optimal for the highest-wage (i.e. least aggressive) applicants. Interestingly, this pat-
ternmirrors the counter-signaling result in Bederson et al. (2018), but is driven by very
different factors.

Our empirical analysis in the remainder of the paper supports both these predic-
tions in the following senses: a) in their resume processing decisions, firms appear
to prefer workers with high current wages, as long as those wages are not too high;
and (b) workers’ wage disclosure rates increase with their current wages (relative to
employer expectations), except at the very top of the relative wage distribution. That
said, our empirical analysis also reveals some additional patterns that are inconsistent
with this model. Specifically, while our model describes two things quite well –the re-
lationship betweenworkers’ relative wages and their disclosure decisions, and theway
firms respond to workers with different current wages– the data indicate that employ-
ers respond toworkers’ actual, current wages in almost exactly the sameway, regardless
of whether workers reveal them or not. This raises two interesting questions which we ex-
plore further in our empirical analysis: First, do workers misunderstand that firms
can infer their wages even when they don’t reveal them? And second, do workers’
wage revelation decisions signal something other than the value of the worker’s cur-
rent wage?
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2.3 Setting and Data

Our data are from Liepin.com. Founded in 2011, Liepin is the fourth largest online
job board in China; its focus is on the high-end professional labor market.13 Liepin has
a typical structure for online job platforms: Employers post job advertisements and
workers post resumes, and each party can search the other side of the market using a
number of filters. In addition, firms’ hiring agents can process applications and contact
applicants in Liepin’s online environment. The master dataset used to construct both
ourmain regression samples samplewas constructed as follows: First, we identified all
the firms advertising on Liepin that had more than 100 employees, then we collected
all the new job ads posted by these firms betweenMarch 1 and April 30, 2018. We then
followed this inflow sample of job ads until June 30, 2018 to collect information on all
the applications they received, and on the success of those applications.

In the rest of this Section, we describe the recruitment process on Liepin as it affects
job applicants, job ads, and job applications. We describe the construction and compo-
sition of our two main regression samples: the sample of job applicants used to study
workers’ wage disclosure decisions in Section 5, and the sample of job applications used
to study the relationship between disclosure decisions and workers’ job search out-
comes in Section 6.

2.3.1 Applicants

To view job postings and apply for jobs on Liepin, a job seeker must first set up
an account and create a profile. To create a profile, the applicant is prompted to en-
ter information on her birth date, gender, current or most recent annual wage, marital

13Liepin explicitly targets jobs and workers with before-tax annual salaries above 100,000 RMB in
first-tier cities (Beijing, Shanghai, Guangzhou and Shenzhen), or with before-tax salaries above 60,000
RMB in other cities(100,000 RMB is about 1.6 times the national average wage in China in 2018).
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status, working history, education level, employment status, current industry and oc-
cupation. In the case of wages, workers can check a box that makes this information
invisible to employers.14 Thus we (the investigators) know the applicant’s wage, even
when the employer does not. In the case of marital status, job seekers can choose from
three options: single, married, and confidential. If the job seeker sets her marital status
as confidential, neither we nor the employer know her actual marital status.15

The education variables in the job seeker’s profile include the highest degree at-
tained, whether the degree is Tongzhao, the rank of the university that granted the de-
gree, and whether the university is included in the 985/211 Projects.16 The job seeker
is asked to select her current employment status from four categories: 1) unemployed,
2) employed but desires to switch to a new job (intensive search), 3) employed and
looking for new working opportunities (moderate search), 4) employed and have no
plan to switch jobs. The work history that we can observe is the job seeker’s total years
of work experience, the tenure and industry in the last two jobs. In addition to the
information on previous jobs, the job seeker’s career expectations are also recorded,
which include her desired industry, occupation, city, and province, and her desired
annual wage.

While job seekers can register on Liepin for free, they have the option to buy a gold
membership, which promotes their resumes to a higher position in employers’ search
results; gold membership status is invisible to employers. Based on the resume’s qual-
ity (i.e. education level, current annual wage, and work experience in large compa-
nies), Liepin classifies it as either white-collar or elite; elite status is only visible to em-

14See the wage box in Figure 2.1. Current wages for unemployed workers are the wages in their most
recent jobs.

15See Appendix B.7 for more additional details about the disclosure of marital status.
16Tongzhao degrees (awarded to students who took the ’normal’ Gaokao during high school) are

sometimes viewed as more desirable than equivalent degrees earned by people who took the ’adult
Gaokao’ or ’self-learning Gaokao’. Project 985 and Project 211 universities are elite institutions spon-
sored by the central and local governments. There are 39 985 universities and 112 211 universities.
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ployers (not workers). The platform also assigns a completeness score to a job seeker’s
profile, which is displayed in the resume and is visible to both the job seeker and po-
tential employers.17

Table B.1 presents descriptive statistics on the 941,733 job seekers who submitted
applications during our observation window. 63.4% of the applicants were men. The
average job seeker was 31.8 years old with 8.79 years of work experience; 28.2% of job
seekers reported themselves as not currently employed. Reflecting Liepin’s focus on
highly skilled workers, 80.3% of job seekers held a bachelor’s degree or above, and
30.9% of them graduated from 985/211 Project universities. The average applicant had
a current annual wage of 177,018 RMB (around 27,000 US dollars), which was about
three times the national average wage in China in 2018.

Although we cannot separately verify the wages of the applicants in our data, we
have four reasons to believe that most workers do not misrepresent the wages they en-
ter into their profiles. First, the fact that Liepin allows workers to conceal their wages
from prospective employers gives workers a way to protect this information without
having to misrepresent their wages. Second, the fact that Liepin allows workers to re-
port both a current and a desired wage also allows workers to signal a (high) target or
reservation wage without misrepresenting their actual wage. Third, most employers
in China will ask job seekers to provide certification of their most recent salaries (such
as a bank statement) after workers accept the job offer; employers can withdraw of-
fers to less-than-honest workers. Finally, Liepin’s job recommendation algorithms are
based on the information provided by job seekers. Even if job seekers conceal their cur-
rent wages from employers, the wage information is still included in the website’s job
recommendation algorithms. Thus, misrepresenting one’s wage could lead Liepin to

17In addition to the completeness of worker-supplied information, this score also reflects Liepin’s
authentication of the worker’s name and contact information.
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make inappropriate recommendations. These institutional factors motivate our deci-
sion to model wage disclosure throughout the paper as truthful revelation of verifiable
information, rather than as costly signaling or cheap talk.

As an extension of the preceding data on applicant characteristics, we also compute
–for each applicant– measures of the match between the characteristics of their current
job and those of the job they say they are seeking. These indicators show that over
78.3% of job seekers would like to stay in the same city, and about half are seeking jobs
in their current industry and occupation. On average, workers were looking for jobs
that pay 19.5% more than their current job.18 Website classification variables suggest
that the average applicant registered her account about two years ago. 84.5% of appli-
cants were classified as eliteworkers, and 11.6% of applicants had a gold membership.

The share of workers voluntarily revealing their current wages to recruiters is
40.0%, which is only slightly lower than the share of workers disclosing their desired
wages, 44.6%. A slightly lower share of workers (36.6%) revealed their marital status.
Relative to workers who withhold their wage information, wage disclosers are more
male, younger, less experienced and less educated.

2.3.2 Ads

Job ads on Liepin consist of four sections, the first of which contains basic informa-
tion including the job title, location, industry, occupation, and the number of subordi-
nates to the position. While hiring agents must specify a wage range for each job, they
can choose to hide this information from workers, in which case the posted wage will
be listed as "negotiate with the employer". The second section of a job ad lists the job

18The categories used to describe city, province, main and sub industry, andmain and sub occupation
in Liepin’s system are the same for workers’ current jobs, workers’ desired jobs, and the jobs advertised
by employers. In total, there are 505 cities, 41 provinces (including overseas), 12 main industries, 52 sub
industries, 55 main occupations and 753 sub occupations.
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requirements, which can include gender, age, work experience and education; all of
these except gender are visible to workers.19 The third part is a detailed job description
of at least 60words. The fourth and final portion allows hiring agents to choose various
settings for the post: for example, employers can decide how long to post this vacancy,
and have the option to post an estimate of their average response time to applications.20

In March and April 2018, 19,264 firms posted 328,921 job ads that received at least
one application. According to Table B.2, three fourths of job ads revealed the job’swage
range to job seekers. Only a few jobs indicated a preferred age (3.8%) or a preferred
gender (0.9%), but almost all the jobs had requirements for the worker’s education
(93.5%) and experience levels (87.2%). About 70 percent of jobs requested candidates
holding a bachelor’s degree or above, and the same share requested at least 3 years of
work experience. On average, a job ad received 26 applications, and employers claimed
that it took 4.3 days for hiring agents to give feedback to applicants. Descriptive statis-
tics on the firms who posted these ads are presented in Table B.3. Firms in the median
size category (with 100-1000 employees) accounted for 70.1% of all total job vacancies.
Above half of the jobs were posted by private firms, and a typical firm had three hiring
agents who were responsible for job posting and recruitment.

2.3.3 Applications

Once a job seeker has completed her profile and identified a desirable job, she can
apply to it by clicking the "apply" button in the posting. This transmits her resume to

19Since 2016, Chinese labor law has prohibited employers and job boards from posting job ads con-
taining explicit gender requests (see Kuhn and Shen (2021) for the recent history of these regulations).
While rare, the gender requests on Liepin may serve as reminders to HR agents of the firm’s preferences
for the job. We do not know if they are used by Liepin’s internal algorithms for employers’ search results.

20The longest posting duration for a job is three months, and the job ad will be withdrawn by the
website automatically afterwards. Figure B.5 shows the timeline of a job ad in Liepin.
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the firm’s hiring agent responsible for the job.21 After a job application is made, the
website recommends 10 similar jobs to the job seeker. Job seekers can then immediately
apply to all of these jobs using Liepin’s "batch apply" function, which is similar to the
"select and purchase all" button in online shopping websites. About one quarter of the
applications in our data came from this "batch apply" approach.22

During our sample period (March and April 2018), employers on Liepin received
about 8million applications fromworkers on the site. The first thing a hiring agent sees
once applications arrive is a set of summary cards, which display very limited informa-
tion about each applicant, including gender, education level, age, years of experience,
location and company name of the current or recent job. No wage information about
the worker is displayed on these cards. To see the wage (and the rest of the applicant’s
resume) the hiring agent must click on (i.e. view) the summary card; this happened in
41.3 percent (or about 3 million) applications.23

Since employers cannot see whether a worker has disclosed her wage until they
view the resume, our analysis of employers’ responses to workers’ wage disclosure
decisions in Section 6 of the paper restricts attention to the 3,542,049 applications that
were viewed by hiring agents (i.e. the agent clicked on the summary card to see the
resume). Descriptive statistics on this sample are provided in Table B.4.24 Almost all
the applicants satisfied the job’s posted requirements for age, education and experi-
ence. In 74.7% of applications, the jobs’ locations were consistent with the workers’

21Figure B.4 shows the timeline of an application submitted in Liepin.
22In deciding where to apply, job seekers can also access additional information by clicking the job

lens button in the requirements section of the ad. This gives them (among other things) the platform’s
estimate of their hiring chances, based on the match between the worker and the job. Only 3.2 percent
of job seekers clicked this button, however. Appendix B.3.1 provides additional information about the
job lens service.

23Descriptive statistics on all applications and viewed applications are provided in Tables B.5 and
B.4 respectively. These samples are quite similar, though as one might expect the viewed resumes were
better matched to the job. Further, Table B.6 shows that both the wage level and the wage disclosure
decision have no effect on the probability an application is viewed by recruiters.

24Descriptive Statistics for the full sample of 8,488,353 applications are presented in Table B.3.
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desired location, while the fraction is lower for industries and occupations. Thus, con-
sistent withMarinescu and Rathelot (2018b) it appears that workers’ job search ismore
constrained by locations than by industry and occupation on Liepin.

Although we do not observe employers’ recruitment or callback decisions, we can
construct three indicators of the hiring agents’ interest in each candidate from the ac-
tions the agents take on the site. These indicators are the outcome variables in our anal-
yses of how employers react to workers’ wages and disclosure decisions. Specifically,
hiring agents can mark a resume as a target candidate or as unsuitable for the position.
They also have the option of downloading and saving the resume. In increasing or-
der, our three indicators of an application’s success are therefore (a) the agent does not
mark the resume as unsuitable (henceforth ’marked suitable’– 56.8 percent of applica-
tions); (b) the agent saves the resume (8.0 percent of applications), and (c) the hiring
agent marks the applicant as a recruiting target (4.8 percent of applications).25 More
details on how hiring agents process applications can be found in Appendix B.3.1.

In contrast, our analysis of workers’ decisions on whether to disclose their wages in
Section 5 uses data for all theworkerswho submitted an application during this period.
To calculate the expected wages of these workers from the point of view of the ’aver-
age’ employer they applied to, we use data on all the applications each worker sent,
irrespective of whether those applications were viewed or not. Descriptive statistics of
this worker-level dataset are provided in Table B.1.

25There are some overlaps between these categories. For example, 41.1% of applications marked as
targets were saved by hiring agents, and 24.7% of saved resumes were marked as targets.
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2.4 Estimation Approach

2.4.1 Identification Issues

When employers care about a piece of information that is missing from a worker’s
resume, both theory and evidence suggest that the employer will try to infer that miss-
ing information (in our case, the worker’s current wage) from other observables, in-
cluding the remaining contents of the worker’s resume (Agan and Starr, 2017; Doleac
and Hansen, 2020). To decide whether to reveal or conceal their wages, workers who
anticipate this behavior therefore need to ask themselves "what would the employer
infer about my wage if I concealed it?".

To empirically investigatewhether firms andworkers on Liepin behave in thisman-
ner, we therefore need to do two things: First, we need to model how employers draw
inferences about the wages of the non-disclosers in their applicant pool. Second, be-
cause job seekers on Liepin make their wage disclosures ex ante (i.e. in their resumes,
before applying to jobs) for each worker we need to aggregate these expectations over
all the jobs she eventually applies to. In a little more detail, for each of three alternative
models of employer wage expectations, wewill construct an indicator,OverWageij , for
whether learning worker i’s wage would be a positive surprise to firm j, where "pos-
itive" means that i’s actual wage is higher than the firm predicted. For each worker i,
we then aggregate firms’ expectations over all the jobs the worker applied to (her appli-
cation set) to derive a worker-level indicator,HighWagei. HighWagei tells us whether,
on average, worker i’s actual wage would be a positive surprise if it was revealed to
all the jobs she applied to. Finally, we study how workers’ revelation decisions re-
late to their HighWagei status, and how employers’ recruiting decisions respond to
the OverWageij status and wage revelation decisions of the workers in their applicant
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pools.
While in principle we could propose any model of employer expectations we like,

we note three key features of our choices here. First, they are simple and intuitive
heuristics that could plausibly characterize the beliefs of HR agents who have limited
time, cognitive resources, and information about the wage distribution of their appli-
cants. Second, an expectations function that approximates how employers interpret
resumes with hidden information should predict workers’ disclosure decisions in a
particular way. Specifically, workers’ disclosure decisions should be much more sensi-
tive to the gap between a worker’s actual and predicted wage than to her actual wage
alone. Intuitively, workers whosewages are equal to what an average employer in their
application set would infer (from the fact that the worker applied and the contents of
their resume) can neither gain nor lose from revealing, because revealing conveys no
additional information. On the other hand, workers whose actual wage would be a
surprise to the employer could either gain or lose a lot from revealing. As we shall see,
all three heuristics we construct have this empirical property.

Third, conditional on any expectations function, our data allow us to test whether
firms’ and workers’ behaviors are consistent with each other. Specifically, if workers
believe that high wages are good news to firms –in the sense that firms prefer workers
with high current wages to otherwise identical workers with lower current wages– and
if workers are correct in those beliefs, we should see that workers with unexpectedly
high wages should be more likely to succeed in the application process, and should
be more likely to reveal their wages, compared to other workers. The opposite should
occur if workers believed that highwageswere bad news to firms (because they simply
communicated a high reservation wage).

Before describing our three empirical models of employer expectation formation,
we make three comments about challenges to the identification and interpretation of
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our estimates. Focusing first on our analysis of workers’ wage disclosure decisions in
Section 5, we emphasize that we do not view the coefficients we estimate there as the
causal effects of randomly assigningHighWage status to job seekers. Instead, as noted,
we view both the choice of which jobs to apply to and whether to include one’s cur-
rent wage in the resume as jointly determined aspects of a worker’s application strategy

when she creates a profile on Liepin. While workers with different unobservables (in-
cluding ’ambition’) might well choose different application strategies, the goal of our
disclosure regressions is to test whether these two components of workers’ applica-
tion strategies are consistent with each other in a cross section of workers. Specifically,
workers who choose to apply aggressivelywill (by definition) be classified as LowWage

workers (because they are applying where most of the applicants are paid better than
they are). If –as our data indicate– high current wages are good news to employers, we
should expect these ’aggressive’ job seekers to be more likely to conceal their current
wages. This somewhat counterintuitive prediction distinguishes our findings from,
for example, a model where overconfident workers not only apply aggressively but
naively advertise their current wages to the market at the same time.

Turning now to our estimates of how firms respond to individual workers’ wage
disclosure decisions in Section 6, the identification challenge that seems of greatest
concern is unobserved worker heterogeneity: Even though we have access to all the
information about workers that HR agents see when they make their recruiting de-
cisions, we are still limited in our ability to encode all these items in a way that cap-
tures everything that matters to recruiters (such as addresses, names of high schools,
and other subtle indicators of expertise and social class). Thus, even when comparing
observationally identical resumes, it remains possible that some unobserved worker
characteristic –such as their level of ’ambition’– accounts for both their wage reveal-
ing behavior and their success in the recruitment process. Fortunately, we can address
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this issue by taking advantage of an intriguing feature of our data– about 2.2% of job
seekers change their revelation decision during their job search on Liepin. While this
raises the issue of why workers changed their disclosure decision, it allows us to use
worker fixed effects to control for un-encoded aspects of workers’ resumes that might
be correlated with the workers’ revelation decisions.

Our final observation about identification applies to our estimates in Section 6 of
how firms respond to workers’ current wages, conditional on workers’ disclosure de-
cisions. For example, we may wish to estimate how firms respond to a higher wage
when the wage is visible. Here, we can take advantage of a unique feature of Liepin’s
platform– the ’batch apply’ option, which automatically sends applications to ten
board-selected jobs. Since workers who choose this option cannot de-select any of the
jobs, this gives us the option of using only within-batch wage variation to study em-
ployers’ responses to different current wage levels. Arguably, this within-batch wage
variation is exogenous since the candidate is forced to apply to all of the jobs in the
batch.

2.4.2 Modeling Employers’ Estimates of Non-Disclosers’ Wages

We conclude this Section by describing our three empirical models of how employ-
ers estimate the current wages of non-disclosing workers. To different degrees, the
three approaches take advantage of three pieces of information a rational employer
should consider when trying to guess the ’true’ wage of a non-discloser: 1) the worker
chose not to disclose, 2) the worker chose to apply to this job, and 3) the other contents
of the worker’s resume.

Approach 1: W j
E = lower bound of job j’s posted wage

According to this heuristic, employers who have posted a job, j, infer that the non-
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disclosing workers in the pool of applicants to job j have a wage equal to the lower
bound of the posted wage range for that job. One motivation for this heuristic derives
from the unraveling predictions of earlymodels of non-disclosure likeMilgrom (1981):
If higher current wages are viewed positively by the employer, then all workers but the
lowest paidwill want to distinguish themselves fromworkers below themby revealing,
andfirmswill infer that non-disclosers have lowwages. More broadly, wemight expect
disclosers to be negatively selected, on average. A different rationale (which is more
in the spirit of our model) is the notion that workers who already earn close to the
maximum offered for the advertised job have little to gain by applying to it. Thus
we expect applicants’ current wages to cluster toward the bottom end of each job’s
advertised wage range.

Approach 2: W j
E = median(wj

1, w
j
2 . . . , w

j
mj)

According to this heuristic, the expected wage of non-disclosing workers applying
to job j is the median current wage of the workers who applied to it.26 While in some
sense this is a naive inference, we note that (unlike Approach 1) it relies on the notion
that employers have some experience with jobs of this type: They know enough about
the wages of non-revealers to guess at a median overall wage.27

Approach 3: W j
Ei

= f(Xi | job j)

In the previous two heuristics, employers based their wage inferences purely on
the fact that the worker applied to the job, and not on the contents of his resume. In
this heuristic, both sources of information are used. The expected wage of a worker
with characteristicsXi who has applied to job j is modeled as the predicted wage from

26In our main analyses we used the median wage among all applicants (both concealers and dis-
closures). Robustness checks using only the revealed wages were almost identical– see Table B.20 and
Table B.25.

27Notably, Approaches 1 and 2 both satisfy the ordering rule for expected wages in our theoretical
model, W 1

E < W 2
E < . . . < WM

E . This is not necessarily true of Approach 3, because it allows firms’
expectations to also depend on the individual workers’ observable characteristics.
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a regression of workers’ previous wages on a set of demographics and characteristics
in the sample of applicants to job j.28 Details of these wage prediction regressions are
provided in Appendix B.5.1.

A notable feature of all our employer heuristics is that different employers will
make different inferences about the true wages of the same non-disclosing worker.
This makes sense because the fact that a worker has applied to a job is informative
about her true, current wage, and because employers don’t see which other jobs their
applicants applied to. Approach 3, however, is the only one that assigns different ex-
pected wages to different non-disclosing workers who apply to the same job. It does so
because these workers’ observables differ.

2.5 Results– Worker’s Wage Disclosure Decisions

Since workers’ disclosure decisions are made before applying to jobs on Liepin,
studying those decisions requires us to aggregate employers’ inferences about non-
disclosers’ wages across all the jobs that a worker expects to apply to.29 We therefore
start this Section by describing this aggregation process for each of the three preced-
ing employer wage expectation models. Notably, all these aggregation methods are
based on the set of jobs a worker actually applied to during our data window (i.e. the
worker’s application set); we use these jobs to assign eachworker to either aHighWage or
a LowWage category. Intuitively, these two categories summarize a worker’s application
strategy: HighWage workers are pursuing a conservative application strategy, because
they are currently paid more than most of the other applicants at the jobs they apply

28We use mean rather than median predicted wages in Approach 3 to accommodate the low sample
size in some of these job-level regressions.

29While workers can change the wage revelation decision in their Liepin profile, this is relatively rare:
2.2% of workers ever changed their wage disclosure decisions in the data window.
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to. Thus, if these workers were to reveal their wage, most of the employers they apply
to would be surprised at how high it was. By the same reasoning, LowWage workers
are pursuing a more aggressive application strategy, which means that most employers
they apply to would be surprised at how low their wage was if it was revealed.

2.5.1 Defining High-Wage and Low-WageWorkers

Indicator 1: HighWage1i = 1 if wi >median (lower bound of job’s advertised wage

range)

If employers treat wage non-disclosers as if their current wage equals the lower
bound of the job’s posted wage range (Approach 1 to modeling employers’ expecta-
tions), it seems reasonable to define a worker as high-wage (HighWage1 = 1) if his
current wage exceeds the median of the posted lower wage bounds in his application
set. Thus, high-wage workers are the ones who apply to jobs with disproportionately
low lower-wage bounds. According to this definition, 51.3% of applicants are are high-
wage workers.
Indicator 2: HighWage2i = 1 ifwi >median(w1

1, . . . , w
1
m1, w

2
1, . . . , w

2
m2, . . . , w

K
1 , . . . , wK

mK)

If employers assume that non-disclosers earn the median wage of all applicants to
the same job (Approach 2), it seems reasonable to define high-wage workers as having
current wages that are above themedian of the applicants who ever applied to the same
jobs as the focal applicant did. In other words, for each worker, we first find all the
applicants to the jobs that he applied to. Then we compare the worker’s current wage
with the median current wage of these applicants. The fraction of applicants who are
high wage according to this definition (HighWage2 = 1) is 49.8%.
Indicator 3: HighWage3i = 1 if wi > f(Xi|job 1...K)

If recruiters run ’mental wage regressions’ to predict the wages of the non-
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disclosers in their applicant pools based on resume characteristics, it seems reasonable
to use a similar approach to define workers as high- or low-wage in an ex ante sense. To
that end, we classify applicants on Liepin as high wage (HighWage3 = 1) using the
regressions described in Approach 3 above, but the regression sample is now all the
workers who have applied to the same jobs as the focal applicant.30 In other words,
a worker is high-wage if his current wage is higher than one would predict from his
resume, using data from workers who shared at least one job with him in their appli-
cation sets. Using this method, 48.7% of applicants are high-wage workers.31

2.5.2 Determinants of Disclosure

We explore the correlation between workers’ characteristics and their wage reveal-
ing decisions by estimating a linear probability model of the following form on all the
941,733 applicants in our sample:

yi = β0 + β1HighWagei + AXi + FE + ei (2.1)

where yi = 1 if applicant i reveals his current wage, Xi is applicant i’s characteristics
and FE denotes various fixed effects, detailed below.32 The coefficient of interest is
β1, which represents the effect of having an unexpectedly high current wage (relative
to what employers would expect if the worker concealed it) on the job seeker’s wage
disclosure decision.

Table 2.1 shows estimates of equation (2.1) that successively introduce more de-
30Details about the wage prediction on worker level are shown in Appendix B.4.1
31We did not use the predicted wage from the regression on the whole applicant sample to reduce

the prediction error.
32A small share of our workers –about 2.4 percent– changed their disclosure decision during our

two-month sample period. For these workers, we used the wage revealing status that they used to send
out the most applications as our indicator of their disclosure decision.
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tailed controls for the applicant’s characteristics. In column 1 the only covariate is an
indicator for whether the worker is classified as HighWage. In column 2, we control
for the worker’s gender and the level of the worker’s current wage. Column 3 adds
controls for the worker’s marital status and a quadratic in age. Column 4 adds de-
tailed controls for the applicant’s education and work experience: the highest degree
obtained, whether the highest degree is Tongzhao, the domestic and world rank of the
applicant’s university, and whether that university is a 985/211 university; a quadratic
in years of work experience; the applicant’s employment status; and the applicant’s
industry and tenure in the last two jobs. Column 5 adds the following website classi-
fication variables: whether the resume is elite, how long the resume has been created,
the score measuring the completeness of the worker’s profile, whether the worker has
a gold membership; and the total number of job applications sent during the data pe-
riod. It also controls for the gap between the applicant’s desired and current wage,
and the match between the applicant’s current location, industry and occupation and
the desired ones. In column 6, we add fixed effects for the worker’s current location,
and column 7 adds fixed effects for the worker’s current industry and occupation. We
cluster standard errors in all specifications at the worker’s sub-occupation level.

Regression results for our three high-wage indicators (HighWage1, HighWage2,
and HighWage3) are presented in Panels A, B and C of Table 2.1. Across all three
HighWage measures and across all regression specifications, we find robust and sta-
tistically significant evidence that workers with higher-than-expected wages are more
likely to disclose their current wages. In the most tightly controlled specification (col-
umn 7), the changes in disclosure probability range from 1.6 percentage points for
HighWage3 to 5.1 percentage points for HighWage1, which represent increases of 3.9
and 12.6 percent relative to the average disclosure rate of 40.0%. Together, these results
support an interpretation of the data where (a) high current wages are ’good news’ to
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employers, and (b) workers whose actual wages are higher than their resumes suggest
tend to disclose those wages for strategic reasons. This finding evokes similar results
in product markets, where high-quality sellers are more likely to disclose (Mathios,
2000; Jin and Leslie, 2003; Jin, 2005), as well as survey results from Agan et al. (2020)
who find that relatively highly paid workers are more likely to disclose.

To explore the relationship between the size of the potential surprise associatedwith
learning a worker’s wages and that worker’s wage disclosure decision, Figure 2.2 plots
the results of regressions that replace our binary HighWage indicator with dummies
for deciles of the HighWage distribution. While the effects of a more positive wage
surprise are robustly and monotonically increasing across almost all the deciles, two
interesting additional features are evident. First, the largest disclosure effects are at the
very bottom of theHighWage distribution: Workers who have very lowwages relative
to employer expectations are much more likely to hide their wages than other work-
ers. Thus, most of the effect captured by our binaryHighWage indicators comes from
very lowwage applicants (relative to expectations) choosing to hide that fact. Second,
the probability of disclosing flattens out at about the 80th percentile of theHighWage

distribution, and begins to decline beyond that for two of our three HighWage mea-
sures. As noted, this behavior is consistentwith both the type of countersignalling found
among the highest quality restaurants by Bederson et al. (2018), and with the predic-
tions of our model for workers’ disclosure decisions.

In contrast to the effects of having a wage that diverges from employers’ expecta-
tions (HighWage), Table 2.1 shows that the absolute level of a worker’s current wage
has a trivial effect on the worker’s wage revealing decision: earning 10,000 RMB (or
5.6 percent) more per year decreases the probability of revealing the current wage
by .0004, which is a 0.1% reduction. We view this contrast as highly suggestive evi-
dence in favor of our hypothesis that workers’ wage disclosure decisions depend on
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the new information that might be revealed by doing so, not on publicly known factors
like age, earnings, location, firm size, occupation and experience that affect wages in
well known ways.33

Another intriguing feature of Table 2.1 is the highly significant, robust, and eco-
nomically large effect of the applicant’s gender on wage revelation decisions: Men are
7 to 9 percentage points (or about 20 percent) more likely to reveal their wages. No-
tably, the estimated size of this effect does not attenuate as we add detailed controls
for resume characteristics, and all our estimates of the gender effect control for the job
seeker’s actual current wage, which is observed for all the job seekers in our sample.34

This, together with the fact that a worker’s absolute wage has a trivial effect on work-
ers’ disclosure decisions, rules out women’s lower current wages as an explanation of
their lower disclosure rates. Put another way, Table 2.1 suggests that gender has an in-
dependent effect on wage disclosure that is unrelated to the strategic factors we model
here.35

Possible mechanisms for an independent gender effect on disclosure include the
possibility that men andwomen have different psychological costs of competition, dis-
closing andbargaining (Stuhlmacher andWalters, 1999;Niederle andVesterlund, 2007;

33Our results are also consistent with the research from Conlin et al. (2013). In their setting, students
are free to choose to submit their SAT I scores or not when they apply to colleges. They find that ap-
plicants with higher SAT I scores are less likely to submit their score. Applicants who do worse than
their fitted scores are likely to withhold their scores, and applicants with higher alternative measures of
academic ability, like SAT II scores and high school GPAs are more likely to choose not to submit their
score, all else equal.

34This gender disclosure gap is similar to the results of Conlin et al. (2013), who find that, when the
submission of SAT scores is optional to college, women are more likely to not submit their SAT scores
conditional on those scores, and with the survey result fromAgan et al. (2020) who show that "Always-
disclosers" (of current wages) are more male.

35Indeed, women’s lower disclosure rates are quite hard to explain using these strategic factors:
Suppose for example that women apply less aggressively than men do, and that for some reason our
HighWage controls do not completely capture this gender difference in application behavior. Then, on
average, women will be disproportionately applying to jobs where they are better paid than the em-
ployer would expect, based on observables (including gender). If that was the case, women should
disclose more frequently than men, in order to advertise the fact they are ’under-applying’.
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Booth, 2009). Additional possibilities are that female applicants believe that prospec-
tive employerswill underestimate their value, or that employers use the same lowwage
more aggressively as a bargaining tool when the applicant is female. While we cannot
distinguish among these, one explanation we can partially rule out is a generalized
aversion among women to disclosing personal information. This is because the mari-
tal status coefficients in Table 2.1 show that applicants who reveal their marital status
are 1.5 to 1.8 percentage points less likely to reveal their current wages (see Appendix
B.4.2).36

Afinal covariate of theoretical interest in the Table 2.1 regressions is the relationship
between the worker’s desired wage and the worker’s disclosure decision. Consistent
with our model, workers who are seeking the greatest wage gains in their next job
(i.e. "aggressive" applicants) are less likely to reveal their current wages to prospective
employers. Estimated effects of the remaining covariates in Table 2.1 are reported and
discussed in Tables B.8 - B.10 in Appendix B.4.2.

2.5.3 Heterogeneity and Robustness Checks

In this subsection we explore how our main effect of interest –the effect of hav-
ing an unexpectedly high wage on the probability a worker discloses her wage– varies
across different types of workers. We begin by adding interactions between the high-
wage measures and ourMale indicator into the Table 2.1 regressions, to see if men and
women respond to unexpectedly high wages differently. The resulting interaction co-
efficients –reported in Table B.11 in Appendix B.4.3– are significantly negative, indicat-
ing that (compared to men) women’s disclosure decisions aremore sensitive to having

36Zide et al. (2014), Jackson and Lilleker (2011) and El Ouirdi et al. (2015) review a large number
of psychological studies of online disclosure differences between women and men, many of which find
that women are less likely to disclose personal information than men.
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an unexpectedly high wage. Quantitatively, among LowWage workers (i.e. worker’s
whose actual wage would be a negative surprise) men are 11 percentage points more
likely to reveal their wages than women. AmongHighWageworkers, this gender gap
shrinks to around 6 percentage points. In contrast to the overall disclosure pattern
in our data (which suggests that, on average, LowWage workers are rational enough
to hide that fact from prospective employers) this pattern suggests a possible role for
overconfidence, at least among among men relative to women (Niederle and Vester-
lund, 2007): Men whose actual wages would be a negative surprise to employers are
much less likely to hide that fact from employers than women are.

Since unemployed workers and on-the-job searchers have different job search pat-
terns (Blau and Robins, 1990), we might expect their wage disclosure behaviors to dif-
fer as well. To address this question, we interacted our HighWage indicators with an
indicator for whether the applicant is currently unemployed and replicated our Table
2.1 regressions in Table B.12 in Appendix B.4.3. The significantly positive estimates of
these interactions imply that high-wage unemployedworkers have a higher propensity
to disclose their (most recent) wages than high-wage employedworkers. Unemployed
workers who recently held a surprisingly well paid jobmight feel it particularly impor-
tant to reveal that fact to prospective employers.

Although the regressions in Table 2.1 control for the worker’s industry, occupa-
tion, previous wage, and education, it remains possible that the interesting and robust
HighWage effect in that table differs dramatically across these subgroups of workers,
or is driven only by a small and particular set of occupations, industries or education
levels. To explore these possibilities, we split the applicant sample into 12 industries,
into the 15 most common occupations (accounting for 82% of workers), into 10 (abso-
lute) wage deciles, and 7 education categories, and run Table 2.1’s column 7 regression
in each subgroup separately. Plots of the coefficients and 95% confidence intervals us-

74



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

ing the three high-wage indicators are displayed in Figures B.8 - B.11 inAppendix B.4.4.
Reassuringly, the main results carry through to essentially all the subsamples: Com-
pared to other workers, HighWage workers are more likely to disclose their current
wages across all industries, occupations, wage percentiles, and education levels.

Additional tests of the robustness of our Table 2.1 results –including additional
definitions of HighWage workers– are provided in Appendix B.4.4. Again, the main
conclusion remains unaltered: Men disclose more than women do, and the more a
worker earns relative to her expected wage, the more likely she will reveal her current
wage.

2.6 Results–Employers’ Responses to Wages and Disclo-

sure

In the previous Section, we showed that workers behave as if higher wages were
’good news’ to employer: workers reveal their wages when they are unexpectedly high
and conceal them when they are unexpectedly low. In this Section, we shift our atten-
tion to employers to ask two questions: a) When employers can see workers’ current
wages, does a higher current wage increase employers’ interest in hiring that worker?,
and (b) How do employers respond to workers’ decisions to reveal their wages, and
how does that depend on whether those wages are unexpectedly high or low? To an-
swer these questions, we return to the employer-side measures of wage expectations
defined in Section 4 and classify each application an employer receives to job j as ei-
ther high- or low-wage. This gives us three alternative definitions of high-wage work-
ers; to distinguish these job-level indicators from the previous Section’s worker-level
measures, we label them as OverWage indicators. Specifically, applicant i at job j is
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classified as:
OverWage1ij if applicant i’s wage exceeds the lower bound of job j’s posted wage
range.
OverWage2ij if applicant i’s wage exceeds the median wage of applicants to job j.37

OverWage3ij if applicant i’s wage exceeds her predicted wage from a regression
among all the applicants to job j.

According to these three measures, 51.0, 49.8, and 47.8 percent of all applications
were classified as OverWage respectively.

2.6.1 Application Success Rates

To measure how workers’ wages and their wage disclosure decisions jointly influ-
ence application outcomes, we estimate the following regression on the 3,542,049 ap-
plications in our data that were viewed by HR agents:38

Yij =α0 + α1OverWageij + α2(Discloseij × UnderWageij)

+α3(Discloseij ×OverWageij) +BXij + FE + eij

(2.2)

The employer’s responses, Yij , are binary variables derived from the way the HR agent
processes a worker’s application. As noted, we consider three different indicators of
candidate success: Target, Save, and Suitable (in diminishing order of exclusivity).
In equation (2.2), α1 gives the effects of a higher-than-expected candidate wage on
the success rates of candidates who do not disclose their wages. If none of the informa-

37As an alternative to this measure, we used only the applications that were viewed (i.e. clicked on)
by hiring agents to construct this indicator. The results in Table 2.2 and Table 2.3 were very similar (see
Table B.20 and Table B.25).

38Recall that a recruiter cannot see most of an applicant’s characteristics (including the wage, or
whether it is revealed) unless she clicks on the applicant’s summary card on the recruiter’s screen. Since
we are interested in the effects of wages and wage revelation, we restrict our sample in this Section to
viewed resumes only. A resumemust be viewed before it can be saved/downloaded, marked as suitable,
or marked as a recruiting target.
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tion contained in ourOverWage indicators is available to employers unless the worker
reveals them, α1 should equal zero. α2 measures the effects of disclosing a lower-than-
expected wage on candidate success, and α3 measures the effects of disclosing a higher-
than-expected wage. The effects of having a higher-than expected wage among workers

who disclose their wages can be calculated from the above coefficients as α1+(α2−α3); in
other words if disclosure has the same effects on OverWage versus UnderWagework-
ers (α2 = α3), then the effects of having a higher-than-expected wage are the same,
regardless of whether the worker discloses it or not.

Table 2.2 shows the results from estimating equation (2.2) for Target, the most
exclusive of our three indicators of candidate success (i.e. the closest to receiving a job
offer). Results for the other two indicators are presented inAppendix B.5.2. Aside from
some minor differences for the Suitable indicator, which is by far the least exclusive of
the three indicators, these results are very similar to the ones in Table 2.2.

Column 1 in Table 2.2 contains no controls, and column 2 controls for a variety
of job characteristics. Column 3 adds controls for the match between the applicant
and the job, such as whether the applicant satisfies the education and gender require-
ments, and column 4 adds controls for worker characteristics, such as current employ-
ment status, industry and tenure. Column 5 adds fixed effects for the job’s location,
industry, and occupation, plus fixed effects for the firm and the application date. Col-
umn 6 replaces the job characteristics with a job fixed effect. Finally, in column 7 we
take advantage of the fact that a small share of workers (22,198 workers or 2.4 per-
cent of our 941,733 applicants) switched their wage revelation decisions during our
sample period.39 While this raise the issue of why these workers decided to change
their disclosure status, it provides an additional perspective by letting us compare the

39This total comprises 7,659 applicants who switched from concealing to revealing, 13,921 applicants
who made the reverse switch, and 618 who applicants changed their wage disclosure choice more than
once.
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job application outcomes of the same worker when she makes two different revelation
decisions. Standard errors are clustered by job.40

For all three of our indicators of OverWage status and in all regression specifica-
tions, the Overwage coefficient in Table 2.2 is positive, highly statistically significant,
and economically substantial in magnitude. For example, in column 6 of panel A
(the most saturated specification without worker fixed effects), having a higher-than-
expected wage raises the candidate’s chances of being marked as a recruiting target by
0.59 percentage points, relative to a mean targeting rate of 4.9 percentage points. This
suggests that even when candidates do not disclose their wages, employers are able to infer
the higher levels of productivity that are associated with higher wages from aspects of
their resumes that we have not been able to encode in our control variables.41 Employ-
ers’ ability to infer productivity in thisway is underscored by a second robust feature of
Table 2.2: TheDisclose ∗UnderWage andDisclose ∗OverWage coefficients are almost
identical to each other across all specifications. As noted earlier, this means that the ef-
fects of having a higher-than-expectedwage on firms’ recruiting decisions are the same
when firms can see worker’s wages than when they cannot (because α2 = α3). Seeing
a worker’s wage thus appears to convey no additional information about productivity
to employers.

To probe this idea further, Appendix B.5.6 uses the ’batch apply’ feature of Liepin’s
website to test whether Table 2.2’s main results might be driven by workers’ endoge-

40Arguably, disclosure decisions made by switchers may be more endogenous than those of other
workers, since the switchers are making conscious decisions to make a change.

41Consistent with this interpretation, we note that the OverWage coefficient drops sharply in mag-
nitude when we add applicant fixed effects. Interestingly, however, despite the lower magnitude, the
Overwage coefficient remains positive and statistically significant even in the presence of worker fixed
effects. These remaining effects could occur because (a) Workers change other aspects of their resumes
(in ways that are not captured by our covariates), and/or (b) workers change their application strate-
gies (in ways that are not captured by our discrete OverWage and UnderWage indicators) when they
switch to disclosing. For example, if workers switching to disclosure also switched to a slightly less
aggressive application strategy (thereby raising their current wage relative to their competitors), this
could account for the OverWage effects in column 7 of Table 2.2.
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nous decisions on where to send their resumes. When a worker uses this feature, he
automatically applies to all ten jobs suggested to him by Liepin’s algorithm. In Ap-
pendix B.5.6, we re-estimate Table 2.2 by restricting our estimation sample to batch
applications and including a full set of batch fixed effects, we can eliminate all worker
discretion inwhich jobs to apply to. Thus, we only usewithin-batch variation inwhether
the application was over- versus under-wage. Arguably, this within-batch variation in
over-wage status is exogenous since the candidate is forced to apply to all of the jobs
in the batch. We find that being a high-wage applicant increases the success rate in
batch applications, but the penalty of disclosing a lower-than-expected wage is a little
greater than disclosing a higher-than-expected wage.

A final main finding from Table 2.2 is that disclosing one’s wage appears to re-

duce workers’ application success rates, regardless of whether the disclosed wage is high

or low relative to the worker’s co-applicants. Again, the magnitudes are economically
significant (about 0.2 to 0.3 percentage points relative to a mean of 4.8 percentage
points). This striking finding raises two obvious questions: (a) what negative in-
formation is conveyed by disclosure per se that causes employers to shy away? and
(b) why do any workers disclose their wages? To shed some light on these questions,
Figure 2.3 explores how applicant success rates respond to a more continuous mea-
sure of HighWage status. Specifically, Figure 2.3 displays the effects of ten deciles of
OverWage on Target rates conditional on disclosure status, estimated using the spec-
ification in column 6 of Table 2.2. It shows that the negative effect of revealing a low
wage is mostly confined to the bottom two wage deciles. This suggests to us that –
while learning the HighWage-LowWage distinction is not informative to firms about
productivity– disclosing a very low wage does convey some negative productivity in-
formation to firms. While most workers seem to be aware of this and hide very low

79



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

wages, the few that do disclose these wages suffer when they do.42

Turning next to the question of why OverWage workers might choose to disclose,
Section 6.2 will present evidence in support of the idea that disclosure serves a use-
ful function for these workers despite its negative effects on success rates at any given
job: It filters out offers from jobs whose wages are likely to be unacceptable to the
worker, perhaps by communicating an unwillingness to accept offers below their cur-
rent wages.

We report the coefficients of the other control variables in Table 2.2 in Appendix
B.5.3. Overall, these estimates confirm common-sense expectations about which ap-
plications are more likely to succeed. For example, indicators of mismatch, such as
being outside the employer’s preferred age range, having less than the requested work
experience, or being the ’wrong’ gender have strong negative effects on application
success rates. Also, hiring agents prefer applicants whose current location, industry
and occupation match those of the job; they also prefer workers who express an inter-
est in working in the job’s location, industry or occupation, although these effects are
smaller in magnitude. We also find that job seekers’ investments in information acqui-
sition –i.e consulting the board’s job lens function– raise their success rates. Applying
to jobs indiscriminately has the opposite effect: applications made through the ’batch
apply’ mechanism have a 0.5 percentage point lower chance of being labeled a recruit-
ing Target. This effect is just as large as having less than the required experience for
the job.

42It is also interesting to note that the negative effect of disclosure becomes insignificant for
UnderWageworkers, but not for OverWage workers, when we control for applicant fixed effects.
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2.6.2 Wages of Successful Applications

In addition being selected as a successful candidate by a firm, a second outcome of
interest to job seekers –especially those who already have a job– is the wage attached to
the positions where their applications succeeded. To explore the effect of disclosure on
this outcome, we now estimate the effects of disclosure on themeanwage attached to a
worker’s successful applications. If high-wage workers use disclosure to restrict the set
of jobs that respond to them, disclosure might cause the mean wage of their successful
applications to rise via a composition effect, even though they succeed in fewer of their
applications.43 Because each worker can accept only one job, this could be valuable to
them if (contrary to our theoretical model) receiving and rejecting offers is costly; it
could also be economically efficient if, in addition, issuing an offer is costly for firms.

To test this ’offer quality’ hypothesis, we use the job’s postedwage as a proxy for the
job’s quality, and define successful applications as ones achieve Target or Save status.
We then run the following regression on the sample of successful applications:

Zj =γ0 + γ1OverWageij + γ2Discloseij × UnderWageij + γ3Discloseij ×OverWageij

+CXij + FE + ej

(2.3)

where the dependent variable, Zj is the midpoint of the posted annual wage range of
job j (in 10 thousands of RMB).44 The γ coefficients have the same interpretation as

43The only information we have about wages paid by the jobs workers find on Liepin is the wage
range that is attached to each ad when it is created. In consequence, none of our results are informative
about howwage revelation impacts wage negotiations between individual workers and employers after
the employer contacts a targeted worker. Thus, in contrast to Exley et al. (2020) and Roussille (2020)
who study these negotiations, our estimates of wage effects capture composition effects only: Revealing
a high wage filters out recruiting interest from low-wage employers.

44The midpoint of posted wage is defined as (lower bound of posted wage + upper bound of posted
wage)/2. We perform a robustness check which takes the lower bound and upper bound of posted job
as outcome variables in Appendix B.6.1.
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the α’s in equation (2.3). Our estimates are reported in Table 2.3, which only controls
for the applicant’s characteristics (because the mechanism of interest is the change in
the mix of jobs in which the applicant succeeds). In more detail, column 2 controls for
the applicant’s gender and current wage. Column 3 adds quadratics in the applicant’s
age and marital status. Column 4 controls for the applicant’s education level, work
experience and website classification variables. We add controls for the gap between
the applicant’s desired and current wage, the match between the applicant’s current
location, industry and occupation and the desired ones, andwhether the application is
from batch apply and whether it is made after using job lens in column 5. In column 6,
we add fixed effects for the applicant’s current location, industry and occupation, and
the application time. Column 7 replaces the applicant’s characteristics with a full set
of worker fixed effects.45 Standard errors are clustered at the worker’s sub-occupation
level.

Unsurprisingly (and consistent with Table 2.2), the OverWage coefficients in Ta-
ble 2.3 show that workers with higher current wages (relative to their co-applicants)
tend to succeed in jobs that pay more, even when workers don’t disclose their wages.
This is true in all specifications and highly statistically significant. Specifically, among
workers who chose to conceal their current wages, column 7 indicates that the suc-
cessful applications of OverWageworkers pay between 9,899 to 13,143 RMB more per
year than the successful applications of UnderWage workers. This amounts to a 5.2%
to 6.9% increase (the midpoint of the posted wage is 191,854). Also unsurprisingly,
revealing a low wage reduces the mean wage of successful applications in all specifica-
tions, although these effects become mostly insignificant in the most saturated specifi-
cation. Most relevant to the offer quality hypothesis, we find that –while disclosing a

45In column 7, the effects of wage disclosure are identified only by workers who change their disclo-
sure status. The effects of OverWage status, however, are identified from a much larger set of workers
because this varies across applications, within workers, regardless of whether wages are disclosed.

82



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

high wage appears to reduce mean offered wages in the absence of controls (column
1), these estimates reverse once we control for a few basic applicant characteristics,
such as education andwork experience. Specifically, according to column 7, disclosing
a high wage raises the mean wage of successful applications by 2,049 to 2,925 RMB,
which amounts to 1.1% to 1.5% of the midpoint of the posted wage. This supports the
notion that high-wage workers use wage disclosure to filter out unwanted low-wage
offers.

2.6.3 Heterogeneity and Robustness Checks

So far Section 6, we have demonstrated two main facts describing how employers
react to applicants’ relative wages and wage disclosure decisions: (1) employers ap-
pear to be attracted to unexpectedly high-wage applicants (regardless of whether the
applicants disclose their wages), and (2) high-wage workers appear to use wage dis-
closure as a filtering device that discourages low-wage employers from targeting them
for recruitment.

To shed additional light on these findings, we now probe their sensitivity to two
factors that affect firms’ ability or willingness to pay high wages: firm size and labor
market tightness. To that end, Figures B.12 - B.14 display the estimates of our three
main coefficients in Table 2.2 –α1, α2, and α3– for different firm sizes and labor market
tightness categories.

Focusing first on the filtering effects of disclosing a higher-than-expected wage (α3),
panel (c) of Figure B.12 shows that disclosing such awage reduces the chances of being
targeted most strongly in the two smallest firm size categories in our data, i.e. among
the firms who are least likely to be able t afford high wages. Similarly, panel (c) of
Figures B.13 and B.14 show that this negative effect is strongest in slack labor markets
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(whether measured at the industry or occupation level). Employers avoid targeting
workers who have a high current wage when plenty of other workers are available for
hire. Together, these findings increase our confidence that some high-wage workers
are using wage disclosure as a way to filter out unwanted, low-wage job offers.

Turning next to employers’ attraction to applicants with unexpectedly high cur-
rent wages –even among workers who choose not to reveal their wages– (α1), panel
(a) of Figure B.12 shows that this attraction is present among firms of all sizes, but
is especially strong in small firms: such firms may infer a willingness to be accept an
offer from the fact that the worker chose not to reveal his high wage. Figures B.13 and
B.14 show that employers’ attraction to (non-disclosing) high-wage workers is present
in both tight and slack labor markets, with some suggestion of being weaker in slack
labor markets.

We next ask whether the high-wage disclosure penalty varies with the applicant’s
gender. If gender stereotypes associate women with modesty and low wages, then
employers might react more negatively to disclosures of a high wage by women, com-
pared tomen. To answer this questionwe add the full set of interactions betweenMale,
Disclose and OverWage to the regressions in Table 2.2 and report the results in Table
B.21. In general, the effects ofOverWage,Disclose and their interactions are consistent
with the baseline specifications in Table 2.2. (For example, firms like workers with un-
expectedly high wages, regardless of wage disclosure status.) However, in almost all
cases –and especially when we control for both worker and job fixed effects in column
7– all the interactions with gender are statistically insignificant.
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2.7 Discussion

This paper has investigated workers’ voluntary wage disclosure decisions dur-
ing the job application process in a real, high-stakes labor market. Using data from
Liepin.com, we develop three alternative heuristics an employer might use to impute
wages to the non-disclosing workers in an applicant pool. Using these heuristics to
study workers’ wage revelation decisions, we find that, on average, workers behave as
if firms interpret an unexpectedly high current wage as a signal of higher worker pro-
ductivity: Workers tend to hide lowwages and reveal high ones. We also find that men
are substantially more likely to disclose their wages thanwomen at all wage levels; this
gender gap is hard to explain by similar sorts of strategic considerations.

Turning to firms’ reactions to workers’ wages and disclosure decisions, we docu-
ment two surprising patterns: First, while employers are more likely to prefer workers
with unexpectedly high wages (suggesting that wage residuals are positively corre-
latedwithworker productivity), this preference holds equally amongworkers who dis-
close and who hide their wages. Thus, it appears that employers can infer the idiosyn-
cratic differences in worker productivity that are reflected in workers’ current wage
levels from other available information, including the workers’ resumes. Second, we
find that the act of disclosing one’s wage reduces the application success rates of both
low- and high-wage workers. We argue that the disclosure penalty for low-wage work-
ers is most likely driven by a small number of very low-wage workers who make the
mistake of disclosing their wage. The disclosure penalty among high-wage workers,
however, is more consistent with a deliberate decision by these workers to screen out
job offers that pay less than the worker’s current wage.

As already noted, our results have a number of policy implications, including the
fact that men would be disproportionately constrained by policies that prohibit or dis-
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courage voluntary wage disclosure; men however may be the beneficiaries of salary his-
tory bans, which prohibit firms from asking about wages but do not prevent voluntary
disclosure. With respect to wage levels, our results on who is directly impacted are
more subtle: recall that workers’ absolute wage levels had only minuscule effects on
salary disclosure rates. Instead, the HighWage workers who are most constrained by
salary history bans areworkerswho have chosen conservative application strategies (i.e.
who apply to jobs where they are better paid thanmost of the other applicants). These
’timid’ workers may not be the best paid in absolute terms. Our finding that employers
appear to know aworker’s currentwage evenwhen it is not disclosed also suggests that
–perhaps surprisingly– a worker’s current salary may not be a major source of asym-
metric information in labor markets. As in the proverbial used car market –which now
has access to rich information about a vehicle’s history– advances in information tech-
nology and market design may have made this information relatively easy for buyers
to access or infer.

One important limitation of our analysis is the fact that we do not observe job offers
or final hiring decisions, which prevents us from studying thewage bargaining process
that could occur between the candidate-selection and hiring stages. In this respect
our work is complementary with Roussille (2020), who focuses on this later part of
the recruitment process. Similarly, while our results on the effects of wage disclosure
address the same question as the resume audit study in Agan et al. (2021), our results
on the determinants of workers’ disclosure are complementary to their work, which
does not study workers’ decisions on what to reveal in their resumes.

While this paper has studied workers’ wage revelation decisions and their conse-
quences, the methods we have developed can be applied to a long list of verifiable
worker characteristics whose disclosure on resumes is neither automatic nor taboo.
These include union organizing activity, criminal history, pregnancy, college grades,
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gaps in work history, credit history, LGBTQ identity, appearance (e.g. a photo), age,
marital status, responsibility for children, disability, andmedical history. For example,
one important lesson from our work is our demonstration that disclosure decisions are
much less sensitive to the absolute level of a characteristic than to the unexpected, or residual

component of that characteristic: for example, a credible disclosure of no criminal history
can be much more helpful to members of groups with high levels of criminal activity
than other groups. A second lesson is that firm-worker matching matters: because any
one of these characteristics may be viewed positively by some employers and nega-
tively by others, a worker’s optimal revelation strategy depends on where she intends to

apply. Finally, our analysis has demonstrated that in workers’ optimal disclosure decisions

must consider two distinct consequences of disclosure: the wage offer a worker is likely to re-

ceive, and the chances of receiving an offer. Depending on a workers’ actual wage relative
to the employer’s expectations, these effects may not work in the same direction.

Finally, we note that that some resume characteristics, like education and work his-
tory, appear to be universally expected in resumes (and thus conspicuous when they
are absent) while others (like age and marital status) are rarely seen –at least in the
U.S.– and are thus conspicuous when they are present. In addition, these conventions
(such as whether age and a photo are expected on a resume) vary across countries and
over time. This raises the issue of how (in addition to government legislation and plat-
form design) social conventions affect workers’ disclosure decisions, and how these
conventions affect employers’ interpretation of a worker’s decision to disclose. For ex-
ample, if it is not typical for workers to disclose criminal history, how will employers
treat a resume that affirmatively claims "no criminal history"? Exploring the effects of
such conventionsmight shed additional, interesting light on the complex consequences
of asymmetric iformation in labor markets.
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Figure 2.1: Wage Disclosure Setting in Liepin.com
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Figure 2.2: The Effect of HighWage Deciles on Wage Disclosure

Notes:

1. Figure 2.2 plots the coefficients of HighWage deciles of the same regression in column 7 of Table 2.1, except for replacing
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binary HighWage with ten deciles dummies.

2. Consistent with HighWage indicators proposed in Section 5.1, HighWage1 deciles are generated from the distribution
of the lower bound of posted wages of jobs that the worker has applied for. HighWage2 deciles are generated from the
distribution of wages of applicants that have applied for the same jobs. HighWage3 deciles are generated from the distri-
bution of normalized wage prediction residuals, in which the normalized residual is defined as (actual wage – predicted
wage)/predicted wage (as shown in Appendix B.4.1).
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Figure 2.3: The Effect of OverWage Deciles on Becoming a Recruiting Target

Notes:

1. Figure 2.3 plots the coefficients of OverWage deciles of the same regression in column 6 of Table 2.1, except for replacing
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2. Consistent with OverWage indicators proposed in Section 6, OverWage1 deciles are generated from the distribution of
applicants’ wages with the lower posted wage as decile 5. OverWage2 deciles are generated from the distribution of wages
of applicants for the job. OverWage3 deciles are generated from the distribution of normalized wage prediction residuals,
in which the normalized residual is defined as (actual wage – predicted wage)/predicted wage (as shown in Appendix
B.5.1).

92



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

Table 2.1: The Effect of Applicant’s Characteristics on Wage Disclosure

Notes:

1. HighWage1 represents workers whose wages are above the minimum posted wage of
the median job in their application sets. HighWage2 represents workers whose wages
are greater than the median wage of applicants who have applied the same jobs. High-
wage3 represents workers whose wages are higher than the predicted wage based on
characteristics in their resumes.

2. In Table 2.1, column 3 includes worker’s marital status and a quadratic in age. Column
4 adds education and experience variables, including the highest degree, whether the
highest degree is Tongzhao, domestic and world rank of the university that the appli-
cant achieved her degree, and whether the university is 985/211; employment status,
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years of working experience, tenure and industry in the last two jobs. Column 5 in-
cludes web classification and match variables: whether the resume is elite, how long
the resume has been created, profile completeness score, if the job seeker has a golden
membership, the number of applications, the gap between the desired wage and current
wage, and match variables that measure the alignment between the applicant’s current
location/industry/occupation and the desired ones. Fixed effect of worker’s location is
added in column 6, and fixed effects of worker’s industry and occupation are included
in column 7.

3. See Appendix B.2.2 for the complete version of Table 2.1.

94



Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages? Chapter 2

Table 2.2: The Effect of Wage Disclosure on Becoming a Recruiting Target

Notes:
1. Overwage1 is an indicator for applicants with wage greater than the job’s lower bound

of posted wage. Overwage2 represents applicants with wage above the median wage of
applicants to the job. Overwage3 indicates applicants with wage greater than the fitted
wage on job level.

2. In Table 2.2, column 2 controls for applicant’s gender and job’s characteristics including
requirements for age, education, and working experience; the offered wage range and
whether the wage is visible to applicants, the number of position’s subordinates and the
reported feedback days. Column 3 controls for the match indicators between the ap-
plicant and the job: whether the applicant satisfies the job’s gender, education, age and
experience requirements, and whether her current and desired location (industry, occu-
pation) are consistent with the location (industry, occupation) of the job. Column 4 adds
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variables for applicant’s other characteristics including marital status, employment sta-
tus, industry and tenure of the last two jobs, education quality, the website classification
variables, and controls for batch apply and the usage of job lens. Column 5 adds job’s
location, industry, occupation and firm fixed effects, and the fixed effect for the date of
application. Column 6 replaces job’s characteristics and location, industry, occupation
and firm fixed effects with job fixed effect. In column 7, we drop worker’s characteristics
and include fixed effects for time, job and worker.

3. See Appendix B.5.3 for the complete version of Table 2.2.
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Table 2.3: The Effect ofWageDisclosure on the PostedWage in Successful Applications

Notes:

1. In Table 2.3, column 2 controls for the applicant’s gender and current wage. Column 3
adds controls for the applicant’s quadratic in age and marital status. Column 4 controls
for the applicant’s education level, work experience and website classification variables.
Column 5 controls for the gap between the applicant’s desired and current wage, the
match between the applicant’s current location, industry and occupation and the desired
ones, andwhether the application is from batch apply andwhether it is made after using
job lens. Column 6 adds fixed effects for the applicant’s current location, industry and
occupation, and the application time. Column 7 replaces the applicant’s characteristics
with worker fixed effect.
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2. The effects of wage disclosure on the lower bound and upper bound of posted wage in
successful applications are examined in Appendix B.6.1.
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Chapter 3

Measuring Algorithmic Bias in Job

Recommender Systems: An Audit

Study Approach

3.1 Introduction

With the rapid development of the Internet, the explosive growth of information
makes it increasingly challenging for people to process a huge amount of data and
to find desired information, products and workers. The personalized recommender
system, first proposed in the 1990s, is a powerful tool to alleviate the information over-
load problem by prioritizing the delivery of information and showing every user a
different list of new items that match her personal interests and preferences (Lee and
Brusilovsky, 2007). Recommender systems have been widely and successfully applied
in online websites and e-commerce services. For instance, a customer on Amazon pos-
sibly sees a page called "Customers Who Bought This Item Also Bought," which dis-
plays the products that she is likely to be interested in. After people watched a movie
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on Netflix, it often suggests people what to watch later, called "People Who Liked This
Movie Also Saw"(Jannach et al., 2010).1

Similar scenarios can be found on internet-based recruiting platforms, which have
now accumulated a vast volume of information on workers and jobs. According to
statistics from Glassdoor.com, in the US, there were 2.09 million jobs posted online
by employers in 2019, and more than half of job seekers preferred finding job oppor-
tunities on online job sites.2 In addition, the wide usage of online job searching and
recruiting enables internet job boards to characterize behaviors and activities of job
seekers and employers, which together foster the development of job recommender
systems. Job recommender systems apply the concept of personalized recommenda-
tion to the job recruiting domain to suggest better matches between job seekers who
search for job positions and recruiters who find candidates on the Internet. Virtually
all internet job boards now recommend jobs to the workers who use their platforms.
These customized recommendations are generated by algorithms, using criteria that
include the worker’s characteristics and previous behaviors, and the match between
the worker’s characteristics and the job’s requirements. While job recommendation al-
gorithms have the potential to help workers and firms find better matches faster, they
also have sparked deep concerns about fairness: even when there is no discriminatory
intent from designers, the recommended jobs may reinforce gender and other stereo-
types. For instance, in content-based recommendation algorithms, gender might be
associated with certain types of jobs and specific personalities in the workplace, which

1Recent evidence shows that 35% of purchase on Amazon and 80% of stream time on
Netflix are driven by the recommendation systems. See https://towardsdatascience.com/
deep-dive-into-netflixs-recommender-system-341806ae3b48 and https://www.mckinsey.com/
industries/retail/our-insights/how-retailers-can-keep-up-with-consumers.

2See Glassdoor’s HR and Recruiting Stats for 2020 https://www.glassdoor.com/employers/
resources/hr-and-recruiting-stats/reasons-to-use-glassdoor, and Glassdoor’s Job & Hir-
ing Trends for 2020 https://www.glassdoor.com/research/app/uploads/sites/2/2019/11/Job_
Hiring_Trends_2020-FINAL-1-1.pdf.
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leads to gender segregation in job recommendations (Chaturvedi et al., 2021; Gaucher
et al., 2011). Furthermore, based on job seekers’ application behaviors, item-based
collaborative filtering algorithms, as well as algorithms that incorporate the past be-
haviors of hiring agents, can create and perpetuate previous gender differences in rec-
ommendations received by workers.

This paper measures whether, to what extent, and how job board algorithms sys-
tematically treat male and female job seekers differently by conducting an algorithm au-

dit, which is a new research approach proposed in recent years to study the black-box
of algorithm features and to ascertain whether algorithms result in harmful discrim-
ination by using fictitious correspondence in online platforms (Sandvig et al., 2014;
Hannák et al., 2017). More specifically, I created otherwise identical male and female
worker profiles on the four largest Chinese job boards, and observed which jobs were
recommended to those profiles. In each job board, I selected 35 types of jobs based
on three criteria: the number of active job openings, the job’s gender-type (female-
dominated jobs, gender-balanced jobs and male-dominated jobs), and hierarchy level
(entry, middle, and high). Then I created resumes that were qualified for the above
jobs; these come in pairs that are identical except for applicant gender. Since Chi-
nese employers’ gender preferences appear to interact strongly with the worker’s age
(Helleseter et al., 2020), I made two versions of each profile pair — a ’young’ version
and an ’older’ version, in which the older applicants have 10 more years of working
experience than young applicants. In order to track how algorithms update their rec-
ommendations based on workers’ application behaviors, my fictitious workers then
applied for the top jobs in their recommendation lists. I repeated this application pro-
cess up to three times (each time responding to a new set of recommendations), then
compared the job recommendations received by male and female applicants.

I find that identical male and female applicants do not always receive the same job
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recommendations: out of 100 job recommendations received by my applicants, 9.72
jobs were uniquely displayed to male or female applicants. Senior workers, who have
more years of working experience, received a smaller number of gender-specific rec-
ommendations. Importantly, gender divisions in recommendations are even higher
after fictitious applicants started applying for jobs: The raw difference rate between
male and female applicants is 7.7% in the first round, whereas after three rounds of
applications, 18.4 percent of recommendations are gender-specific. Because jobs dis-
played at the top of the recommendation list receive more attention, I further define
the list difference in job recommendations, in which two job recommendations are the
same only if both the job and the rank are identical in the recommended lists for pair-
wise workers (i.e., the third job in the men’s list is the same with the third job in the
women’ list), and find that around three in four recommendations are different across
male and female applicants.

To detect gender bias in the quality of recommended jobs, I leverage statistical tests
to quantify the gender gap of both explicit and implicit measures of job quality. Explicit
measures include the job’s posted wage, requested education, and requested working
experience. I find that on average, only-to-male jobs, which are seen by men rather
than women, posted wages that were 1.9% higher than jobs recommended to women;
this difference is marginally statistically significant. While the requested education is
the same in jobs recommended tomale and female applicants, jobs recommended only
to men have 0.08 more years of working experience requirement than only-to-female
jobs.

Furthermore, since job descriptions implicitly convey information on job quality, I
extracted words used in the job descriptions reflecting five aspects pf quality: skills,
benefits, work form, company information, and other requirements. By comparing the word
frequency in male-only and female-only job ads, I find that literacy skills and admin-
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istrative tasks are more likely to show up in female-only jobs, while influencing skills
such as leadership and decision-making arementionedmore inmale-only jobs. On the
other hand, female applicants are recommended to apply for more jobs with flexible
working hours and normal breaks in comparison to men with identical characteristics,
while male applicants see more jobs that need night work and overtime. For benefits,
only-to-female jobs place more emphasis on base pay, marriage leave, and parental
leave, while only-to-male jobs focus on more performance incentives such as reward
and company stocks or options. Company-related words do not significantly differ
between male-only and female-only jobs, except that orientation training is involved
in more female-only jobs, while male-only jobs are more likely to be in publicly-listed
companies.

The other requirements contained in the job descriptions also reflect gender-based
differences in job recommendations. Words in jobs recommended to women are often
related to feminine personality, such as patient and careful, and have more descriptions
on desired workers’ appearance such as facial features, figure, and temperament. Jobs
recommended to men prefer workers who are self-motivated, experienced, and are able
to work under pressure. Moreover, these male and female words in recommended jobs
are consistent with gendered words summarized in previous literature in language
(Fitzpatrick et al., 1995), in political science (Roberts and Utych, 2020), in psychol-
ogy (Rudman and Kilianski, 2000) and in labor economics (Gaucher et al., 2011; Kuhn
et al., 2020; Chaturvedi et al., 2021). To collect the gendered perceptions of words, I
conducted two surveys on Amazon MTurk and on Chinese workers, and found that
feminine words emerge more within jobs seen by female applicants and jobs recom-
mended to men contain more masculine words. This suggests that words used in
gender-specific jobs are associated with widely held gender stereotypes in the work-
place, and the inclusion of stereotype-linked words contributes to the gender bias in

103



Measuring Algorithmic Bias in Job Recommender Systems: An Audit Study Approach Chapter 3

job recommendation systems.
Finally, I attempt to isolate the precise mechanisms accounting for gender bias in

job recommendations. Content-based recommendations, which link gender with jobs’
features must play a role because words about gender-related personality traits (i.e.,
patient in female, work under pressure in male) and gender stereotypes in the work-
place (i.e., women are good at literacy skills, men have leadership) occur differently
in gender-specific recommendations. Moreover, hiring agents’ behaviors also appear
to contribute to gender-biased job recommendations. When more hiring agents read
their profiles, the pairwisemale and female applicantswill seemore different job ads in
their recommendations, indicating that human bias may be maintained in and interact
with recommender systems. Lastly, by comparing jobs recommended before and after
workers apply for jobs, I find that item-based collaborative filtering which recommends
jobs based on workers’ application history may reinforce and amplify the gender bias
in the system.

This paper is related to four existing literatures. The first is the broad literature
about gender inequality in labor markets. Using both traditional survey data and in-
ternet job board data, this literature has documented that gender inequality is accen-
tuated by gender differentials in job search patterns, such that women are less likely
to search for jobs outside of their living places and switch occupations (Eriksson and
Lagerström, 2012), and women have higher levels of risk aversion in accepting offers
(Cortés et al., 2021), from gender discrimination in the recruiting process in which
employers prefer men in some certain occupations (Booth and Leigh, 2010; Cediey
and Foroni, 2008), from gender segregation in skills (Christl and Köppl-Turyna, 2020;
Stinebrickner et al., 2018), from gender differences inworkplace bargaining propensity
(Card et al., 2016), and from family burdens in promotions and career development
(Petit, 2007). As far as I know, this is the first paper to study gender bias in job recom-
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mendations. While existing literature studies gender differentials at various stages of
the search and matching process, I argue that gender differences and gender discrim-
ination can arise even at the very early stage, where male and female workers may see
different job vacancies in online job platforms due to the personalized job recommen-
dations. More importantly, when the algorithm predicts workers’ preferences based
on their previous behaviors, feedback loops and self-fulfilling prophecies in recom-
mendation algorithms may magnify the gender bias (Cowgill, 2018; Jiang et al., 2019),
in which gender differences in job applications can yield to greater gender bias in the
future job recommendations.

Methodologically, my paper contributes to the audit studies (or correspondence
studies), which are widely used in the research on discrimination in social sciences.
Aiming at comparing callback rates from real employers between two identities, audit
studies have to create resumes that are as close as possible to real workers, and the
detailed information, such as working experience on resume, is always randomly se-
lected from resume banks (Gaddis, 2018). Due to the complexity of resume design
and the high cost of callback collection, most audit studies only focus on a few occu-
pations and industries, especially entry-level and unskilled jobs in manufacturing and
service sectors; therefore, evidence on gender discrimination is lacking for senior-level
and high skilled jobs which require proof of identity or qualifications (Rich, 2014).
Compared to previous audit studies, my algorithm audit has three advantages: First,
my resume design is much easier as the fictitious resumes only include the minimum
information that is required by job platforms rather than any detailed descriptions of
workers’ personal working histories and statements. Second, since my goal is to inves-
tigate job recommendation outcomes from theworkers’ side, this study has no contacts
with employers and does not collect callbacks from employers, which avoids alerting
employers to the experiment (Avivi et al., 2021). Finally, the field experiment was per-
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formed on the four largest Chinese job boards and chose 35 job types in each platform,
ranging fromunskilled jobs such as sales andwarehouse keeper, to high-level jobs such
as financial manager and software engineer, which covered a broad and representative
sample in online labor markets in China.

In addition, this paper contributes to the emerging literature on algorithmic fair-
ness in economics. With the increasing engagement of algorithms in supporting hu-
man decision making, algorithmic bias and fairness have been studied in various
fields such as advertisement delivery (Lambrecht and Tucker, 2019), criminal courts
(Angwin et al., 2016) and mortgage approval (Fuster et al., 2020; Bartlett et al., 2021).
In labor markets, existing research mainly focuses on gender bias in algorithms used
in recruitment and in performance evaluation. For instance, Li et al. (2020) develop a
resume screening algorithm that explicitly values exploration and show that efficiency
(the quality of interview decisions) and equity ( demographic diversity of applicants)
can be improved at the same time in the workplace. Prassl (2018) documents that the
evaluation algorithms in Uber result in lower payments for female drivers. However,
to my knowledge, there is no research about the fairness of job recommendation algo-
rithms from the perspective of job platforms. My research fills this gap by demonstrat-
ing that gender bias exists in the job recommendation algorithms, which comes even
before workers apply for jobs. Moreover, when the hiring agents’ behaviors are incor-
porated into the job recommender, gender discrimination in recruitment and gender
bias in job recommendation interplays with each other, which potentially perpetuates
gender inequality in the matching in labor markets.

Lastly, my work complements and extends research on gender equality (Poutanen
and Kovalainen, 2017; Barzilay and Ben-David, 2016; Athreya, 2021; Cook et al., 2021)
and algorithm transparency (Tambe et al., 2019; Kellogg et al., 2020) in the platform
economy. From a practical point of view, few platforms in two-sided markets directly
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use information about gender, race or ethnicity in their algorithms. In other words,
algorithmic bias is caused inadvertently in most cases. My empirical evidence from
a strictly controlled experiment has important implications for platforms and policy-
makers to raise their awareness of the potential dangers of systematic bias in the algo-
rithms.

The rest of this paper is organized as follows: Section 2 discusses the related liter-
ature. Section 3 provides an overview of how the job recommender systems generate
job recommendations to job seekers. In section 4, I present the potential mechanisms
of the gender-biased job recommendations in online job boards. Section 5 details the
experiment design and implementation. Section 6 summarizes the experimental re-
sults on the differences in job recommendations between male and female applicants.
I explore the potential drivers of algorithmic gender bias in job recommendations in
section 7. Section 8 concludes.

3.2 Literature

3.2.1 Gender Discrimination and Audit Studies

Audit studies, also known as correspondence studies or correspondence experi-
ments, have been widely used to estimate discrimination on various grounds, such as
race, gender and age (Fix et al., 1993).3 In recent audit studies on gender discrimi-
nation in labor markets, researchers create fictitious workers that are identical in all
dimensions except for gender and send out their resumes to real job vacancies, then
any difference between male and female job candidates on the subsequent callbacks

3More specifically, audit studies rely on real auditors who are matched in observable characteristics,
while correspondence studies create and send fictitious applications with identical variables (Bertrand
and Duflo, 2017).
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from employers can be interpreted as causal evidence of gender bias or discrimination
(Gaddis, 2018; Baert, 2018).

Empirical evidence on gender discrimination under the framework of audit study
is mixed with respect to occupation, skill level, and age. An early work from Riach and
Rich (2006) used pairs of matched, written applications to test for gender discrimina-
tion in London and showed that men had fewer callbacks in female occupations, and
significant discrimination against females was found in male-dominated occupations.
Similar results come from Booth and Leigh (2010), suggesting that the pro-female bias
exists in the occupations where the percentage of females is 80% or more in Australia,
Albert et al. (2011) documenting that females are significantly preferred in lower-level,
female-dominated jobs in Madrid, and Carlsson (2011) showing that women have a
larger advantage in female jobs than the advantage of male in male-dominated jobs in
Sweden.

Moreover, Baert et al. (2017) show that when applying for jobs at a higher occupa-
tional level, the invitations for job interviews for female applicants are about two-thirds
of that their male counterparts can receive in business-related jobs in Belgium. Using
the three largest Chinese job websites, Zhou et al. (2013) describe the gender discrim-
ination heterogeneity across firms: State-owned firms prefer male applicants due to
leadership, while foreign firms, firms offering marketing positions, and short-lived
private firms tend to interview more female applicants.

By conducting a correspondence study in France, Petit (2007) investigates the rela-
tions between family constraint and gender discrimination in hiring. It suggests a 20%
gender gap in access to job interviews in which young, single female applicants (aged
25) are less favored in high skilled administrative positions, especially in jobs offer-
ing long-term contracts, but the discrimination is eliminated in prime-age applicants
(aged 37) with children. In addition, being pregnant has a substantially negative effect
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on the probability of being interviewed in Belgium (Capéau et al., 2012), and mothers
are penalized by a lower callback rate compared to childless women and fathers in the
United States (Correll et al., 2007).

3.2.2 Gender and Internet Job Boards

While there is plenty of literature on gender differentials and gender discrimination
in labor economics (Parsons, 1991; Keith and McWilliams, 1999), the expansion of on-
line job platforms opens up new research topics and accumulates rich sources of data
on job seekers and recruiters. With respect to the worker’s side, internet job boards
can follow the behaviors of job seekers through the whole searching process, which
allows researchers to observe and compare the labor market participation behaviors of
men and women. Although there is no conclusive evidence on the gender difference
in job search intensity, research built on data from online job boards has documented
that women are more selective and restrictive in their choice of search area (Eriksson
and Lagerström, 2012), comply more to the minimum required experience, are less
open to occupational moves (Banfi et al., 2019), and are less likely to search for long
duration (Faberman and Kudlyak, 2019). Moreover, results from field experiments
conducted on online job platforms demonstrate the gender difference in competition
and job-entry choices. Flory et al. (2015) find that women are less likely to apply for
jobs with competitive compensation structure and greater earnings uncertainty. Gee
(2019) find that women are more likely to finish the job application when the number
of received job applicants is shown in the corresponding job posting in LinkedIn.

On the employers’ side, the recruiting process that is recorded by online job boards
can be divided into two phases: the attraction phase and the selection phase (Färber et
al. ,2003). Attraction phase mainly refers to job posting behaviors, in which employ-
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ers specify job characteristics in job ads to attract qualified employees. Kuhn and Shen
(2013) studied the gendered jobs in China, which explicitly listed the gender prefer-
ence in job advertisements, to examine gender discrimination. They find that men and
women are equally preferred in gendered jobs, but the preference for females to males
often links to youth, height, and beauty rather than offered wages and skills. In the
followed studies, Helleseter et al. (2020) documented the age twist in employers’ gen-
der requests, in which gender preference shifts away from women towards men as the
target age of worker rises. When employers select suitable job candidates from appli-
cants’ pool, most of the employersmake callbacks to applicants with requested gender,
and the gender mismatch penalty is greater for women than men (Kuhn et al., 2020).
In particular, after removing the gender label in job ads, the application rate and the
success rate of jobs that requested opposite gender increases for both men and women
(Kuhn and Shen, 2021).

3.2.3 Algorithmic Fairness

Algorithmic decision-making is increasingly engaged in social and economic life,
and the question of algorithmic fairness attracts plenty of research from computer sci-
ence and social science. For instance, the application of algorithm tools may lead to
racial bias against black defendants (Angwin et al., 2016; Cowgill, 2018), racial/ethnic
discrimination in mortgage, lending and credit approval (Bartlett et al., 2021; Fuster
et al., 2020), racial discrimination in health system (Obermeyer et al., 2019), algorith-
mic unfairness in opioid use (Kilby, 2021) and gender disparity in image search and
face recognition (Kay et al., 2015; Klare et al., 2012).

Interestingly, most of the unfairness is not intended by the algorithm designers.
One of the main reasons for the bias is the input data, which can be biased or unrepre-
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sentative (Kim, 2017). If the algorithm is trained on data produced by biased human
decision-makers, it will reflect the bias and probably deliver bias results, as the saying
goes, Bias in, bias out (Rambachan and Roth, 2019). When the characteristics for some
certain groups are missing or underrepresented in training data, the algorithm’s pre-
diction on these groups is likely to be inaccurate or biased (Barocas and Selbst, 2016).
In addition, interactions between users, and interactions between users and platform
can also contribute to the biased results(Jiang et al., 2016).

Recently, there is growing literature about the fairness of algorithms applied in
hiring. One line focuses on the adoption of algorithmic decision tools in employee
selection, such as resume screening, AI interviews, evaluation on interview perfor-
mance, and productivity prediction (Mann and O’Neil, 2016; Lee and Baykal, 2017;
Chalfin et al., 2016; Tambe et al., 2019; Li et al., 2020). However, the resume screen-
ing tool developed by Amazon was criticized for its higher ratings for male candidates
than females, which resulted from the biased training data in which Amazon hired
more male workers in the past.4 Based on the investigation on 18 vendors of algorith-
mic pre-employment assessments (i.e., questions, video interview analysis, and game-
play), Raghavan et al. (2020) found that most of the vendors made abstract references
to "bias", but few of them explicitly revealed how to validate their models and how to
fix the bias in practice.

The other line is about employers’ reliance on internet platforms, and the closest
work to this paper comes from Lambrecht and Tucker (2019), who conducted a field
experiment on Facebook to test how online advertising algorithm delivers STEM job
opportunities differently to men and women. They ran advertising campaigns tar-
geting both men and women with otherwise identical backgrounds and found that

4Jeffrey Dastin, Amazon scraps secret AI recruiting tool that showed bias against
women, https://www.reuters.com/article/us-amazon-com-jobs-automation-insight/
amazon-scraps-secret-ai-recruiting-tool-that-showed-bias-against-women-idUSKCN1MK08G
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ad about job opportunities and training in STEM was shown to 20% more men than
women. While the algorithm is intended to be gender-neutral, it creates gender-biased
results as a consequence of optimization cost-effectiveness in ad delivery. In advertis-
ing auction, female eyeballs have more bidders and a price premium has to be paid
to show ads to women relative to men, so the STEM ads were crowded out by other
advertisers in the competition. Similar results are replicated by Ali et al. (2019), who
show that ads can be delivered to vastly different racial and gender audiences when
Facebook optimizes for clicks. For instance, with identical ad target options, jobs in
the lumber industry were delivered to an audience that was 72% white and 90%male,
jobs from taxi companies reached 75% Black users, and ads for cashier positions were
shown to the audience of 85% female. While the two studies focus on gender inequality
under a framework of price auction inwhich job opportunities competewith consumer
goods in commercial advertisement delivery, I study gender bias in job recommenda-
tion algorithms on internet job boards, which are the dominant platforms that match
workers to jobs. Another relevant work comes from Chen et al. (2018), who explore
gender equality in ranking algorithms in resume search engines using data on 855K
job candidates from Indeed, Monster, and CareerBuilder based on 35 job titles in 20
U.S. cities. They find that there is a slight penalty against feminine candidates even af-
ter controlling for all other visible candidate characteristics in resumes. On the group
level, the unfairness significantly benefits men in 12 out of 35 job titles. In the setting
where employers proactively search for workers, ranking algorithms affect job seek-
ers’ opportunities when employers contact more the top-ranked workers (clicked into
their resumes), but my paper probes into the gender inequality problem in the aspect
of job seekers’ applications and argue that multiple channels, more than employers’
behaviors, can contribute to the gender differences in job recommendations (in terms
of recommended jobs as well as their ranks).
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3.3 An Introduction to Job Recommender Systems

Before summarizing the job recommendation algorithms, I first describe the set-
ting in which the job recommender systems work. On internet job platforms, when a
job seeker with a complete profile logs into her account, the website displays a list of
jobs that the job seeker may be interested in on her homepage. Unlike the search func-
tion that requires job seekers to input keywords in the search bar, job recommendation
systems generate and present recommendation results proactively and automatically.5

Based on my personal experience with several job boards and the academic surveys
on job recommender systems from Al-Otaibi and Ykhlef (2012), Hong et al. (2013)
and Siting et al. (2012), most of the online job platforms build hybrid recommender
systems that incorporate multiple methods.

The core and foundation of most recommender systems is item-based collaborative

filtering (item-based CF) method. Item-based CF uses the implicit collaborations of
users or items to predict the users’ preferences and filters the items that are most likely
of interest to users; which can be expressed as "Users who liked this item also liked".
The main idea of item-based CF is to recommend items to users that are similar to the
ones that the users liked in the past, where the similarity between items is derived from
users’ rating behaviors (Jannach et al., 2016). In the context of job recommendations,
users’ rating behaviors reveal how the job seeker likes a certain job. Rating behaviors,
such as clicking into a job, viewing the job page, marking the job as favorite, sending a
message, indicate how the worker likes a job, and of course applying for a job indicates
the job seeker’s strongest preference for that job. If two jobs X, Y are applied (liked)
by the same job seeker, they should share some features that attract workers to apply

5Job recommendations play an increasingly important role in online job boards because Boolean
search methods only adopt keywords to generate the results, which is insufficient and may fail to gen-
erate an appropriate match for workers and jobs (Lang et al., 2011).
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both of them, so the two jobs can be defined as "similar", in other words, two jobs
are "similar" if they have enough overlapped applicants. To sum up, item-based CF
recommends the jobs that are similar to ones that the target job seeker applied to in
the past to the job seeker.

Pure item-based CF does not function well when user’s behavior data is unavail-
able or very sparse (e.g. newly registered job seekers and newly posted jobs).6 To deal
with the cold-start problem, most job recommender systems use a content-based algo-
rithm as an important supplement to item-based CF. Based on text analysis and natural
language processing techniques, content-based recommendation algorithms identify
similarity between two documents by comparing the keywords in the documents, in
which "content" refers to the descriptions of items’ characteristics and the users’ pro-
files.7 In online job boards, content similarity can be established between jobs, between
workers, and between jobs andworkers. Two jobs are defined as similarwhen the same
keywords appear in the job descriptions. If a job seeker applies to one of the jobs, sim-
ilar ones will be recommended to him because he should have a consistent preference
on jobs’ content. Two workers are similar if their resumes have the same keywords,
and the jobs one job seeker applies to will be recommended to the other one, since two
job seekers with similar resumes should share similar tastes. Moreover, the content-

6If no user information is available, for instance, browsing as guests or newly registered job seekers,
the knowledge-based recommendation will be used to list jobs that satisfy the user’s requirements on
jobs, such as the job’s location, wage, and occupation. For newly posted jobs, it uses two methods to
overcome the ramp-up problem. One is to apply content-based recommendations to find old jobs that
are similar to the new one and recommends the new job to applicants who have already applied to these
old jobs. The second is to rely on cooperation with the search algorithm. The search algorithm gives
more weights for newly posted jobs to encourage job seekers to apply for new jobs when they contain
certain keywords of the request of job seekers. After gathering some initial ratings, these new jobs will
enter into item-based CF and can be recommended to other job seekers.

7Some researchers frame content-based recommendations as a classification problem of the user’s
likes and dislikes, and the goal is to find the classifier based on item characteristics. In this line, lots
of supervised machine learning techniques such as Bayesian Classifiers, clustering, decision trees, and
artificial neural networks can be applied to train models which can automatically decide whether a user
is going to like a certain item.
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based method also utilizes job-worker match attributes to make recommendations. For
example, if a job ad and the worker’s resume contain the same keyword, such as a skill,
then the system will suggest the job seeker to apply for that job.

A third method used in job recommender systems applies a rule-based approach to
the rich information on jobs andworkers on online job platforms tomake recommenda-
tions based on the match between jobs and workers. The rule-based approach frames
job recommendation as a classification problem and relies on worker’s characteristics
and job’s requirements to predict the fit between the target worker and a certain job.
For instance, if a worker satisfies the education requirement of a job, the job website is
more likely to recommend this job to the worker.

Finally, some job boards apply more sophisticated systems that incorporate the hir-
ing agents’ behaviors into recommender systems and suggest jobs the target worker is
likely to get feedback from (Kim, 2017). From the perspective of job boards, job seek-
ers may become frustrated by sending out lots of applications but getting no echo, and
switch to other sites as a result. Therefore, these recruiter-behavior based algorithms use
recruiters’ rating information to determine which type of jobs require which type of
workers’ characteristics and the probability of the worker getting callbacks when mak-
ing job recommendations (Al-Otaibi and Ykhlef, 2012). More specifically, platforms
collect the recruiter’s application processing behaviors and predict the recruiter’s pref-
erences based on those behaviors. If the recruiter produces some positive signals to-
wards a certain job applicant, such as browsing or downloading her resume, the system
will acknowledge that the job prefers that type of job candidates, and recommend this
job to workers who are similar to that job applicant (Yu et al., 2011). Moreover, the
worker will receive job recommendations that are similar to this job since she has a
relatively high chance to be suitable in similar positions.
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3.4 Potential Mechanisms for Gender Bias

Although the algorithms used in job recommender systems are theoretically in-
tended to be gender-neutral, there are at least four ways that recommender systems
can deliver gender-biased job recommendations, which are connected to the four main
components of most current job recommender systems.

The first is from item-based collaborative filtering recommendation, which recom-
mends jobs that are similar to ones that the worker applied to in the past. While not
in itself gender-biased, this algorithm tends to magnify and perpetuate previous gen-
der differences in recommendations received by the worker. Suppose there is a job
requesting male workers. In the extreme case, due to the gender mismatch, the job is
not recommended to any female workers, and no female workers can see and apply for
the job. In the following job recommendations, the absence of this job in female work-
ers’ application histories will reduce the exposure of other jobs that are similar to that
job, evenwithout gender request, and inducemore divergence on the recommendation
results between two genders.

The second component is content-based recommendations among workers. It is
worth noting that the foundation of content-based recommendations, natural language
processing algorithms can embody gender bias. For instance, female names are more
associated with family than career words, compared with male names (Nosek et al.,
2002). Nurse, teacher are more likely to be associated with she or her, while engineer,
scientist are associated with he or him, suggesting that implicit gender-occupation bi-
ases are linked to gender gaps in occupational participation (Caliskan et al., 2017). If
this is the case in job boards, we may observe some jobs are recommended to one gen-
der more frequently than to the other gender because their characteristics are encoded
to be correlated with gender identity, and the algorithm eliminates workers whose re-
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sumes do not contain the gender-related keywords (Savage and Bales, 2016). Further-
more, if the keywords associated with strong gender tendency are used to define simi-
larity between workers, workers with the same gender consequently are more likely to
be similar. For instance, patient is found in the resumes of female workers more often
(or expatriate inmale resumes), and if the algorithm uses these kinds of characteristics
as the keywords in contents, workers are classified based on gender (Bozdag, 2013).
As a result, female workers may be recommended with jobs that have been applied
by other females, leading to gender segregation in job recommendations. Importantly,
when jobs having gendered keywords are defined as similar, a worker that applies for
one jobwith genderedwords, will be recommended to other jobs that also contain such
gendered words.

The third mechanism relates to the rule-based approach, which frames job recom-
mendation as a filtering problem and only considers the ‘hard’ match between the
worker and the job. If a job’s characteristics are consistent with the worker’s expec-
tations and the worker satisfies the job’s requirements, the job will be recommended
to that worker. One important feature of Chinese job platforms is that they allow em-
ployers to explicitly state the gender of preferred applicants, without revealing these
preferences to job seekers in the ads. Thus, for example, a rules-based algorithmmight
not show ads that list a preference for women to male job seekers.

Finally, consider recruiter-behavior based approach that incorporates hiring agents’
rating behaviors (i.e., viewing and downloading profile, sending a message to target
worker) into the recommender system. As far as I know, there are three scenarios
in which the hiring agents’ behaviors could affect job recommendations.8 Suppose
a hiring agent posted a job and received some applications from both genders, but

8Algorithms targeting at click maximization are likely to deliver biased results, due to the feedback
loop (Jiang et al., 2019) and learning-to-rank approach (Jiang et al., 2016; de Sá et al., 2016).
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has consistently ignored female applicants (for example, never downloaded female
resumes).9 Two points are learnt from this process: First, this job is not going to hire
female workers, then it will not be recommended to other female workers. Second,
if a female applicant did not get positive feedback from the job, the algorithm infers
that she is unlikely to get callbacks from other jobs that are similar to that job, so those
similar jobs will not be recommended to her. That is to say, workers’ recommendation
results are affected by the processing decisions of the hiring agents who posted jobs
that they have already applied to, as well as the spillover effects from other hiring
agents. Moreover, in most online job boards, hiring agents can search for and contact
suitable workers directly. When a hiring agent searches for workers and clicks into
a worker’s resume, the jobs posted by this hiring agent will be recommended to that
worker, as the hiring agent has shown interests to that worker (Köchling and Wehner,
2020). If a hiring agent persistently views resumes ofmaleworkers, thosemaleworkers
will be suggested to apply while female workers do not have this priority (Burke et al.,
2018).

The mechanisms mentioned above can interact with each other to create a complex
job recommendation system.10 More generally, algorithms may replicate the errors
stemming from the training data, such as choosing parameters based on data with
existing stereotypes, which detracts from gender fairness. Overall, recommender sys-
tems may reproduce and magnify pre-existing gender bias in the labor market.

9The four online job boards allow recruiters to filter workers’ profiles by demographics (e.g., gender,
age) and characteristics (e.g. education, experience) when they process received applications or search
for suitable candidates.

10Both direct discrimination and indirect discrimination on gender potentially exist in these algo-
rithms, which are distinguished by whether sensitive features (gender) are not explicitly used as inputs
in algorithms (Pedreshi et al., 2008).
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3.5 Experiment Design

3.5.1 Platform Environments

To cover a representative sample in online labor markets, the experiment was con-
ducted on the top four job boards in China, which have millions of job seekers and
job postings and can reach most of the workers and recruiters in the Chinese labor
market. The large consumer bases allow me to create substantial fictitious workers
but minimize the disturbance of the job search and recruiting process as well as the
job recommender systems. The four job sites have similar interfaces and functions for
users, with regular structures of online job platforms. Job seekers can register and
create a profile for free, while employers are charged for posting job advertisements
and using recruiter tools. Job seekers make applications by sending their resumes to
the jobs that they are interested in, and hiring agents of firms can check and process
the applications online and contact applicants through the website’s message system.
Furthermore, as far as I know, the leading job boards use more detailed and sophisti-
cated forms of machine learning to suggest jobs to workers, and I may expect that the
advanced algorithms may reinforce gender bias in an implicit way.

3.5.2 Job Type Selection

When a job seeker sets up her profile, job platforms let her indicate her current and
desired industry and occupation. This job type information will be used by the job
recommender systems and affect job recommendation results.

The selection of job types is based on three criteria: sample size, gender type, and
hierarchy level. As a first step, I chose industry-occupation cells that have a large
number of job postings to ensure that there were enough new job vacancies to be rec-
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ommended to workers.11 For instance, the internet industry has the most job post-
ings, while sales are the most popular occupations in job sites, so the internet-sale is
a potential job type. Second, because male-and female-dominated jobs might prefer
applicants of different genders, I focused specifically on three gender types of jobs:
female-dominated (i.e. administrative assistant), (approximately) gender-balanced
(i.e. sales), and male-dominated jobs (i.e. software engineer).12 Finally, because em-
ployers’ gender preferences may also vary across the job ladder in which few women
reach the top positions on the job ladder (Bertrand et al., 2010; Pekkarinen and Var-
tiainen, 2006), I diversify the hierarchy by including jobs in entry-level, middle-level
and high-level. Taking the job of sales as an example, salesclerk is the entry-level job,
sales manager is a middle-level job, and sales director is a high-level job. The details
of these job types and the related characteristics of workers are described in Appendix
C.1.1.

3.5.3 Resume Setup

I next created resumes that are qualified for the above jobs. The fictitious resumes
come in pairs, and the two workers in each pair have identical backgrounds, except
that one is female and the other is male. These resumes are quite sparse and contain
only the mandatory information that is required to set up a worker profile to make
sure that the recommendation results are not driven by other details. To achieve valid
job recommendations, resume information is generated based on the real job ads and
workers’ resumes. For each job type, I scraped 50 job ads and 50 resumes as the infor-
mation pool for fictitious profiles.

11The industry-occupation cell refers to the sub-industry and sub-occupation because workers will
choose the finest category of industry and occupation when they set up their profiles.

12The selection of job’s gender type is based on the public statistics and reports on the share of female
workers in job boards.
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A fictitious applicant’s resume consists of four parts: personal information, edu-
cation, job history, and job intention. Personal information section collects worker’s
name, birth date, years of working experience, current wage, city, employment status,
phone number, and email address. Different frommost audit studies relying on work-
ers’ names to signify gender identity, gender (male or female) is a compulsory input in
Chinese job boards. The applicant’s name is randomly assignedwith themost popular
names from 2015Chinese Census 1%Population Sample, and the first name ismatched
with gender (See Appendix C.1.2 for more details). Since Chinese employers’ gender
preferences appear to interact strongly with the worker’s age (Helleseter et al., 2020),
I create two versions of each matched profile pair—a ’young’ and an ’older’ version,
in which ’older’ workers refer to ones who have more working experience. Worker’s
age, education and working experience are jointly determined. Young workers gradu-
ated in 2017, have three years of working experience, and are either 25 years old (born
in 1995) if he has a college degree, which takes three years to achieve, or 26 years old
(born in 1994) if he has a bachelor’s degree, which takes four years to achieve. The cor-
responding older workers are 35 (college) or 36 (bachelor’s) years old with 13 years
of working experience. The specific education level and academic major satisfy the
requirements of job type, and the school’s name is randomly drawn from the Chinese
High Education Institution List.13 All the applicants are currently employed, and their
wages are crafted to match the wages of existing job seekers by job type, education
level, and years of working experience. As over half of job postings are from first-tier
cities, I restrict the location of applicants to the first-tier cities in China, including Bei-
jing, Shanghai, Shenzhen, and Guangzhou. Each applicant has a unique and active
email address and mobile phone number.

In terms of job history, young workers started their current jobs in August 2017,
13Released by the Chinese Ministry of Education in 2019.
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just after they graduated with the highest degree. For older workers, the beginning
date of their current jobs is August 2015, implying that they have 5 years tenure in
their recent positions. Worker’s current occupation and industry are the same as the
job type’s occupation and industry, and job title and job description are entered as the
job’s occupation. I make up the company name to minimize the disturbance to both
job seekers and employers in job platforms, which is a combination of worker’s city,
industry and a randomly generated name (i.e., Beijing Dongya Internet Technology
Company). In the job intention section, a worker’s desired wage is 120% of his current
wage, and the desired city, industry and occupation is aligned with current ones.14

Appendix C.1.2 summarizes the details of resume generation process.
To sum up, I created groups of four resumes that vary along two dimensions,

gender and age, with all the other characteristics and information held constant, ex-
cept that the older resumes’ experience and current wages are adjusted to be age-
appropriate. Given that the four workers in each group are designed to have the same
job type and 35 job types are selected in each job board, I created 140 fictitious pro-
files (replicated across 4 cities) on each platform. After finishing the profiles creat-
ing process, male and female applicant published their profiles at the same time, af-
terwards their resumes are accessible (can be read or downloaded) to recruiters and
headhunters on the platforms.

3.5.4 Implementation

In addition to workers’ resume characteristics, job recommender systems user
workers’ browsing and application behaviors to deliver customized recommendations.
To control for such differences, the paired (male and female) profiles followed identi-

14According to the salary reports from the job boards, 20% is normal and moderate wage growth for
an average worker switching to a new job.
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cal application strategies. Fictitious workers are naïve users on the job platforms, who
click into and send resumes to the top listed recommended jobs. This process works
as follows:

• Round 0. The male and female workers with newly created resumes log into
their accounts at the same time, and I collect the first advertisement listed in the
recommendation interface, to a maximum of 100 jobs. Then the workers log off.

• Round 1. The male and female workers simultaneously log into their accounts
again, and I record the top 10 jobs (1st to 10th of listed job ads) in their recom-
mendation lists. The two workers then apply to the top 10 recommendations
by submitting their resumes. Immediately afterwards, the workers refresh their
webpages and I record the 10 recommended jobs that appear.

• Round 2. At two-week intervals, I repeat the Round 1 procedures.

• Round 3. After two weeks, I repeat the Round 1 procedures again.

• Round 4. After twoweeks, male and female workers log into account at the same
time, and I record the number of views on the worker’s resume by hiring agents.
15

Figure 3.1 demonstrates the timeline of this experiment. Ideally, each fictitious worker
received 160 recommended jobs and applied for 30 jobs in an 8-week job searching
spell, and the collected outcomes include the information of 160 jobs as well as the
number of hiring agents’ views on profiles. The design of my field experiment guar-
antees that any observed differences in the job recommendations are caused solely by
my randomized gender manipulation.

15After a worker’s resume opens to the public, it can be viewed by all recruiters on the job boards.
Recruiters of the applied jobs can read applicants’ profiles, and other recruiters can find workers by
searching resume, or by worker recommendations from job boards. The number of views records how
many times that the resume is read by hiring agents.
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3.6 Results

My audit study of job recommendation algorithms started in July 2020 and the last
round of collections on hiring agents’ viewswas completed inApril 2021. In total, 2,240
fictitious profiles were created in four job sites, and those workers received 319,974 job
recommendations from 119,356 individual job advertisements.16

Table 3.1 presents the descriptive statistics of my sample of fictitious workers. As
applicants are designed in pairs and have fixed characteristics, Table 3.1 mainly reflects
the presence of job boards in labormarkets. The average annualwage ofworker sample
is 142,507 RMB, which is around twice the national average wage of workers in the
urban in 2020.17 The desired wage is 26.1% higher than the current wages,18 and the
average years of education is 15.56, indicating about half of the fictitious workers hold
a bachelor’s degree.19

The sample of recommended job ads is summarized in Table 3.2. Conditional on in-
formation is visible to workers, the average job posted an annual wage of 211,004 RMB,
requested workers with 14.4 years of education and 2.3 years of working experience.
On average, employers advertised a wage that was 17.4 percent higher than the ficti-
tious workers’ desired wages, but requested lower education levels and fewer years of

16There are several reasons that the recorded number of job recommendations is smaller than the
designed number 2,240*160 = 358,400. The first reason is in Round 0, some job types did not have 100
active job openings that matched the characteristics of workers. The second reason is that, job boards
froze suspicious workers’ accounts and a few of them were blocked after Round 0. If one account in a
gender pair was blocked, I terminated the experiment of the whole gender pair. Another reason is job
ads were withdrawn by hiring agents when I scraped job ads so some jobs’ informationwas unavailable.
The missing data is less than 0.5% and occurs randomly, especially it is independent of the gender of
fictitious applicants, thus unlikely to bias my analysis.

17According to the statistics from National Bureau of Statistics of China, the average annual wage of
workers in the urban non-private sector in 2020 was 97,379 yuan (US$15,188), and workers in the urban
private sector had an annual wage of 57,727 yuan (US$9,004).

18Some job boards let the worker choose desired wage range, and the desired wage is the midpoint
of selected desired wage range.

19It is common to take 16 years to achieve a Bachelor’s degree, and 15 years to achieve a college degree.
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working experience. In addition, above 95% of job ads have explicit wage postings,20

and one-third of the recommended positions are from companies that have more than
1,000 employees. The fictitious workers’ profiles are well-matched with recommended
jobs, as shown in Table 3.3. More than 80% of designed workers satisfied the jobs’ re-
quirements on education and working experience, and almost all of the recommended
jobs’ locations aligned with the worker’s current location. 86.6% of recommended jobs
posted wages that were higher than workers’ lowest desired wages.

3.6.1 Set andListDifferences between the JobRecommended toMen

and Women

This section answers the most basic question about gender bias in job recommen-
dations: To what extent are the jobs recommended to male and female workers the
same, or different? I quantify the gender difference in job recommendations in two
dimensions: the set difference and list difference.

The Set Difference

Set difference measures the share of jobs that are only recommended to one gender,
without considering the sequence of recommended jobs. Figure 3.2a demonstrates the
set difference: Suppose for all workers, male applicants receive jobs that are in set A
and C, and the female applicants are recommended by jobs in set B and C, in which
set C contains the overlapped jobs of female and male recommendations, while set A
represents the only-to-male jobs, and set B includes the only-to-female jobs. Then the
set difference rate is defined as the share of only-to-one gender jobs on the whole pool

20While some empirical evidence suggests that better jobs (i.e. higher requirements on education
and experience) are less likely to explicitly post wages (Marinescu and Wolthoff, 2020), it is not true in
my data.
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of recommended jobs received by male and female applicants:

Set Difference Rate =
# jobs in A+# jobs in B

# jobs in A+B + C
(3.1)

I present the set difference rate by worker’s age level, by job’s gender type, by job’s
skill level and by city in Table 3.4. In total, the set difference rate between male and
female applicants is 9.72%, meaning that out of 100 jobs recommended to male and
female applicants, 90.28 jobs are displayed to all applicants, and 9.72 jobs are unique
to one gender while applicants with the opposite gender cannot see those jobs in their
recommendation lists.

While we expected that the gender difference in job recommendations would be
greater in jobs typically occupied by males or females, our empirical results do not
support that claim. In contrast, male and female applicants working in gender-neutral
jobs observe about 1 additional different job per 100 recommended jobs, compared to
workers in male- or female-dominated job types. For the age variation, young appli-
cants who have 3 years of working experience are more likely to be exposed to gender-
specific job ads, but the difference is quite small. Job hierarchy also matters job recom-
mendations to men and women, in which gender-specific jobs appear more frequently
in middle-level jobs, and least in entry-level jobs. The last panel of Table 3.4 shows the
geographical evidence on the share of gender-specific jobs. Generally, the set differ-
ence rates are close across the four cities, indicating no spatial disparity on the gender
difference in job recommendations is detected.

To confront the issue that the pattern of gender bias may vary across subgroups,
I decompose the number of different jobs between two genders by age, job’s gender
type and hierarchy in Figure 3.3. Two features can be identified: First, Figure 3.3a
illustrates that the gender difference in recommended jobs is greater for young pairs

126



Measuring Algorithmic Bias in Job Recommender Systems: An Audit Study Approach Chapter 3

and more pronounced in gender-neutral jobs in older pairs. Second, in Figure 3.3b,
female-dominatedwithmiddle- andhigh-level jobs contribute a large share of different
jobs between male and female applicants. Figure 3.4 further displays the dynamics of
set difference rate. Without making any job applications, the share of gender-different
jobs in Round 0 is 7.66 percent, and the share goes up after Round 1 when workers
started to make job applications and is perpetuated with the application process. At
Round 3, the chance of applicants viewing a gender-specific job is more than doubled
relative to the share in Round 0.

The List Difference

While the set difference reveals the number of recommended jobs that are unique to
one gender, it only partially uncovers the difference on job recommendations, because
job ads are ranked in the recommendation list; ones displayed at the top receive more
attention, and are more likely to be seen and clicked into by workers (Craswell et al.,
2008; Richardson et al., 2007). For instance, if the jobs received by male and female
workers are completely the same, but male workers observe the jobs ranked from high
to low (in quality) and female workers see a list of an opposite order, we can hardly
say that they achieve the "same" job recommendations.

Now I take the rank of recommended jobs into account to measure the gender in-
equality in job recommendations. Define two job recommendation lists are the same
only if the two jobs in the same rank are identical, as shown in Figure 3.2b. Then the
list difference rate is defined as:

List Difference Rate =

∑n
i=1 ith job ad is different in gender pair

Length of recommendation list (n)
(3.2)

Table C.7 summarizes the average list difference rates by experimental rounds,
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worker’s age level, job’s gender type, hierarchy level and city. The difference rate in-
flates after considering the ranks of jobs. The overall list difference rate is 70.7%, indi-
cating that in a list of 100 recommended jobs, there are about 30 jobs that are displayed
identically to male and female applicants. Similar to Figure 3.4, the list difference rate
largely increases after applicants send out job applications, from 58.3% in Round 0 to
86.4% in Round 3. The list difference rate has a quite consistent pattern with set differ-
ence rate across the subsamples by age, job’s gender type, hierarchy level and city.

3.6.2 Differences in the Quality of Jobs Recommended to Men and

Women

As shown above, job recommendations to male and female workers are not the
same. This dissimilarity does not necessarily indicate bias, however, because it could
result from randomness in each website’s recommender system. However, if system-
atic gender bias actually exists in job recommendations, jobs recommended to one gen-
der would be better than jobs shown to the other gender. To address this question, this
section explores whether job recommendations to the two genders are equally good.

Explicit Measures: Wage, Education and Experience Requirements

While jobs can be evaluated from various dimensions (Brenčič, 2012), I start from
the explicit characteristics: the job’s posted wage, requested years of education, and
requested years of working experience. In order to compare the quality of different
jobs recommended to male and female applicants, the subsequent analysis sample is
composed of jobs unique to male applicants (i.e. jobs in Set A in Figure 3.2a) and jobs
unique to female applicants (jobs in Set B), and the overlapped jobs (i.e. jobs in set C)
are excluded.
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I use the two-sample t-test to examine whether the mean of the characteristic in
male-only jobs equals the mean in female-only jobs. Suppose in job ads received by
all men and women, the observed job’s characteristic x in male-only job sample is
(xM

1 , ..., xM
n ), and in female-only job sample is (xF

1 , ..., x
F
n ), where n denotes the number

of different jobs in male or female job recommendations,21 then the null hypothesis of
two-sample t-test is:

H0 : xM = xF

Taking the posted wage as an example, under the null hypothesis, the average posted
wage of only-to-male jobs does not differ from the average posted wage of only-to-
female jobs.

Table 3.5 presents the results of two-sample t-test on the job’s posted wage, educa-
tion requirement and working experience requirement.22 Conditional on the wage is
advertised publicly, the gender gap of recommended wage between male and female
applicants is 2,709 RMB and significant at 10% level, which is equivalent to 1.9% of the
average current wage of fictitious workers, meaning that jobs recommended to men
propose higher wage on average the jobs recommended to women.23 The requested
education is statistically indistinguishable between male-only and female-only jobs,
but the required working experience in male-only jobs is significantly higher than the
requirement in women-only jobs by 0.08 years, which is translated into 0.5% of the
average worker’s working experience.

To facilitate comparison on the gender gap for subgroups, I provide the two-sample
t-test results by experimental rounds, worker’s age, job’s gender type and hierarchy

21n can be different for male and female applicants due to the replicated recommendations.
22Equal variance is applied, and results for two-sample t-test with unequal variance are in Appendix

Table C.6.
23Instead of an exact wage, most jobs posted a wage range. The job’s wage in the analysis is the

midpoint of posted wage range.
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level in Figure 3.5. According to Figure 3.5a, the jobs’ wages in male-only and female-
only recommendations do not differ among young workers and older workers, across
female-dominated, gender-neutral and male-dominated jobs, and across job levels,
suggesting that gender effect on recommended wage does not interact with age and
job type (gender and level). But regarding the rounds, in rounds 3, after workers ap-
plied 20 jobs, only-to-male jobs post significantly higher wages than only-to-female
jobs. Similar to the previous results, the differences in education requests of recom-
mended jobs to males and females are positive but remain insignificant in all subsam-
ples, as shown in Figure 3.5b. In Figure 3.5c, the higher requirement on working expe-
rience in male-only jobs is pronounced in older applicants, in one gender-dominated
jobs, and in entry- and high-level jobs.

Two-sample t-test assumes the variables are continuous and normally distributed
or large sample size, and those assumptions might be violated in the analysis sample
(i.e., the requested experience is ab integer). I provide the Wilcoxon rank-sum test
as a robustness check in Appendix Table C.6, which is a non-parametric test without
assuming the certain distribution of variables, and the main results do not alter under
Wilcoxon rank-sum test.

Turning to the list difference, I construct the comparison between male and female
job recommendations by using paired t-test. After excluding the identical recommen-
dations (i.e., 1st and 2nd job recommendations in Figure 3.2b), a paired applicants’ job
recommendation lists can be expressed as ((Y M

1 , Y F
1 ), ..., (Y M

s , Y F
s )

), inwhich sdenotes
the different recommendations. Suppose the ith job recommendation is (Y M

i , Y F
i ), and

Y M
i and Y F

i represents the ith job recommended to male and female applicants in the
list- different recommendation sample. Define the difference di of job’s characteristic y
in ith recommendation as:

di = yMi − yFi (3.3)
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Under the paired t-test, the equally good job recommendations mean that the average
difference between the characteristics in the two jobs listed in the same position is not
significant from zero. The null hypothesis is:

H0 : di = 0

Compared to two-sample t-test, paired t-test assumes that the two jobs recommended
to male and female applicants in the same rank are correlated. Table C.8 replicates the
computation in Table 3.5 but replaces two-sample t-test with paired sample t-test. On
average, jobs recommended to male and female workers in the same rank do not differ
in their posted wages, required education and working experience.24

Implicit Measures: Words

In addition to explicit measures, a job’s quality can bemeasured using the words in
the job descriptions. Moreover, the presence or absence of a specific word may affect
the matching between workers and jobs and leads to gender segregation in job recom-
mendations (Dreisbach et al., 2019). In this section, I explore the gender difference in
the wording in recommended jobs.

In a typical job ad, the job description is one or two paragraphs of text, which is
placed after the explicit characteristics of jobs and contains rich information about the
position. While the contents of job descriptions in different job types are highly diverse,
they can be broadly aggregated into five categories:
(1) Skills. Skills are the core part of the job description, and recruiters express skills
in various ways. For example, skill is often stated as a job requirement, "the candidate

24Similar to two-sample t-test, paired t-test requires that the measured differences are continuous
and normally distributed. A robustness check withWilcoxon signed rank test is presented in Appendix
C.3.
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should be familiar with Excel", or a part of the position description, "common tasks in-
cludemaking reports with Excel". While plenty of methods are developed to deal with
the complexity of skills in jobs, I adopt the skill classification in OECD Programme for
the International Assessment of Adult Competencies (PIAAC) (OECD, 2016), which
is widely used in the social sciences research on gender differentials on skills (Christl
and Köppl-Turyna, 2020; Pető and Reizer, 2021). More specifically, skills are divided
into seven subsets, including literacy skills, numeracy skills, information and com-
munication technology (ICT), problem-solving skills, influencing skills, co-operative
skills and self-organising skills.
(2) Benefits. In addition to offered wage, employers advertise jobs’ benefits to attract
applicants. In Chinese job boards, the advertised benefits are often tagged, and their
expressions are quite uniform across job types and platforms. Based on the extracted
information from job ads, I classify job benefits into four types: payment, break, facility
and insurance.
(3)Work form. Work form is a wide category that introduces the working time arrange-
ment, capturing words about work schedule, business travel, work break and work
overtime.
(4) Company. Job ads provide information on both the position and the company. The
company features are summarized into three parts: workplace environment, company
type, and title.
(5) Other requirements. Instead of simply displaying education level and years of work-
ing experience, employers state more detailed requirements in the job description, for
example, the prospective candidates study in certain academic majors, have overseas
working experience or have certain personalities. The other requirements category
refers to the aspects of desired worker’s age, appearance, personality, education, work-
ing experience, and other conditions.
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Based on the above structure, the information in job descriptions was extracted in
the following way: For all the jobs collected from four job boards, I first segmented a
chunk of text into words (phrases) and retained words (phrases) with high frequency.
Then I combined thewords (phrases) that have the same or closemeaning (i.e., leader-
ship vs leading) to make the selected words (phrases) clearly contrast with each other,
and assigned them to one of the five categories. In total, I extracted 167 individual
words from job ads, listed in Appendix Table C.9.

Figure 3.6 presents the word cloud of job descriptions, with the bigger size repre-
senting a higher frequency of words in job ads.25 Words related to job benefits, such as
insurance, vacation and payment scheme, aremost commonly seen in job descriptions,
and employers often state their requests on worker’s communication skills, coordina-
tion skills, teamwork skills and leadership.

When the job recommendation is gender-neutral, the proportions of containing a
certain word or phrase inmale-only and female-only jobs should be close to each other,
whereas when gender bias exists, some words will be differentially present in adver-
tisements for jobs recommended to men and women. This hypothesis is examined by
the proportion test: Word z is constructed as a binary variable, and zi takes the value
of 1 if job i contains the word z in its description. Under the proportion test, the null
hypothesis is that the probability of the word showing up in male-only jobs equals the
probability that it appears in female-only jobs.

H0 : zM = zF

Table 3.6 displays the proportion test for wording difference in job recommenda-
tions under meaningful categories. The coefficient in parentheses represents the gen-

25Appendix Figure C.1 shows the word cloud in Chinese.
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der gap inwords frequency (zM−zF ), and a positive differencemeans that jobs recom-
mended to male workers are more likely to contain that word in their job descriptions
than female workers’ jobs. The left panel lists 28 female words, which have a higher
probability of being included in female-only jobs at 5% significance level, and the right
panel includes 31 male words that are significantly mentioned more in male-only jobs.

We can see that most literacy skills, such as speak and documentation are more com-
mon in only-to-female jobs. Furthermore, female applicants are recommended for
more jobs mentioning data, chat tools and administrative tasks, while male applicants see
more jobs that require problem-solving skills, such as decision-making, engineering, and
working independently, and influencing skills such as leadership and manage. These find-
ings coincide with the results from previous literature on the gender gap in skills that
document women tend to carry out more executed tasks, less skill-intensive tasks and
use their cognitive skills less than men (Pető and Reizer, 2021; Black and Spitz-Oener,
2010).

In the work form panel, jobs with regular working hours or flexible schedules are more
likely to be recommended to women, and jobs with decreased flexibility, such as over-
time working, night work and commute, are more likely to be recommended to men. This
is in line with the finding that women are more willing to pay for flexible work ar-
rangements (Flory et al., 2015; He et al., 2021; Mas and Pallais, 2017; Bustelo et al.,
2020). For benefits, female-only jobs are more likely to mention base pay, marriage leave,
maternity leave, social security, unemployment insurance and parental leave in their descrip-
tions while only-to-male jobs emphasize providing shuttle, medical insurance, vacation,
free meal, reward and stock. Orientation training is mentioned more in female-only jobs,
while jobs from the publicly-listed companies are more often to be recommended to
male applicants. In addition to skills requirements, jobs recommended to men request
workers who are self-motivated, innovative, experienced, and able to handle work pressure.
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Words associated with physical appearance, such as figure, facial, and temperament, and
words about the feminine personalities such as careful, patient, punctual, outgoing and
trustworthy, are more frequently emerge within female-only job advertisements. Jobs
recommended to women also open to hire new graduates and workers without working
experience, and request that the qualified applicants should be healthy and below 35 years
old. 26

3.6.3 Words and Gender Stereotypes

The different presence of words in gender-specific jobs established above provides
initial evidence that gender bias in wording exists in job recommendations. Previous
research has shown that the wording in job advertisements reveals employers’ prefer-
ence on gender andwould directworkers’ application behaviors, evenwhen employers
do not make explicit gender requests. For instance, women found jobs less appealing
when the job advertisements includedmoremasculine wording (Gaucher et al., 2011),
and feminine wording in job titles and job descriptions increases the share of female
applicants (Kuhn et al., 2020; Chaturvedi et al., 2021). Job platforms may mediate em-
ployers’ gender preferences in a special way in which the recommender systems target
the desired workers by linking gender to the words in job descriptions, which can re-
inforce gender stereotypes and result in gender-based job recommendations. In this
section, I further explore the relationship between gender stereotypes and words used
in gender-specific jobs.

I rely on multiple external sources of data to identify the femaleness and maleness
of words in job ads. The first source is the previous literature on gendered words,

26The list difference in word frequency betweenmale and female job recommendations was explored
throughMcNemar’s Test, and differences of the word usage between jobs recommend to onlymales and
only females are insignificant in most cases.
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which refer to masculine and feminine words that are associated with gender stereo-
types. While linguists focus on the commonly used words in daily life and the effect of
gendered words on people’s behaviors (Fitzpatrick et al., 1995; Gastil, 1990; Lindqvist
et al., 2019), researchers in political science (Roberts and Utych, 2020) and in psychol-
ogy (Bem, 1981; Hoffman and Hurst, 1990; Rudman and Kilianski, 2000) specify gen-
dered words in various application scenarios and argue that the usage of gendered
words would shape people’s attitude and support to social values. Most of the gen-
dered words identified by these literatures are adjectives, which describe men’s and
women’s personalities (e.g., masculine words: confident, aggressive, strong vs femi-
nine words: sensitive, kind, beautiful). More relevant to the current context, three pa-
pers have encoded the gendered words used in job advertisements and demonstrated
the subsequent labor market outcomes. Gaucher et al. (2011) collected masculine and
feminine words from published lists of agentic and communal words, and masculine
and feminine trait words. Given the existence of jobs with explicit gender requests in
developing countries, Kuhn et al. (2020) and Chaturvedi et al. (2021) used text anal-
ysis and machine learning techniques to predict the implicit maleness and femaleness
for individual words in job ads, which provides gendered words about both worker’s
personalities and required skills. More specifically, Kuhn et al. (2020) apply the naïve
Bayesian classifier to identify the likelihood of an explicit gender request based on the
words in job titles in a Chinese job board, and Chaturvedi et al. (2021) make use of the
text contained in detailed job descriptions in India and construct measures on whether
the job ad text is predictive of an employer’s explicit male or female preference using a
multinomial logistic regression classifier. In this paper, I combine the gendered words
from the above studies to create a list of male and female words in my job ads.

As an alternative approach, I carried out two surveys to collect people’s percep-
tions about stereotypically male and female words in job ads. In the English version
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of the survey, I recruited participants from AmazonMechanical Turk (MTurk), and let
them rate words on maleness and femaleness. A corresponding Chinese version was
conducted onChineseworkers. The question takes the same form for eachword: "Sup-
pose you are a recruiter and craft a job advertisement containing the following word,
you tend to hire (a) no gender requirement, (b) men, (c) women". In this setting, peo-
ple would perceive the ideal gender of the candidate for jobs that are masculinely or
femininely worded. Details on the surveys are provided in Appendix C.4.1 and C.4.2.

The heatmap in Table 3.7 demonstrates the results on the consistency of stereotyp-
ical gender roles in words from these three approaches: previous literature, Mturk
survey, and Chinese survey. The displayed male and female words are the ones that
were identified by my audit study (from Table 3.6), and the color intensity represents
the femaleness or maleness defined by three approaches. If a word is highlighted with
bright red, it is defined as a female word in all three approaches. Words in light red
are defined as female words in two approaches, and pink color means a female word
in one approach. Male words are marked with blue colors, in which bright blue, light
blue and pale blue represent maleness from three, two and one approach, respectively.

Overall, red colors in the left panel and blue colors in the right panel clearly demon-
strate thatmale and femalewords, which emergewith significantly different frequency
in male-only and female-only jobs, are correlated with gender stereotypes. Jobs that
are only seen by men contain greater words describing male characteristics, such as
engineering, leadership, and overtime, while women are more likely to be exposed
to the ads including assist, administrative, patient and temperament, which are also
conformed to female stereotypes. The wording in the job descriptions may convey in-
formation on the job’s implicit gender requests through job recommender systems that
encode gender with words reflecting workplace stereotypes on men and women.27

27This is consistent with results from Chaturvedi et al. (2021), who found that words related to hard-
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Since gendered words occur differentially in gender-specific jobs, I further ask that,
among these words, which of them can predict whether the job is a male-only job or
a female-only job? I use four methods to measure the relation between words used in
job descriptions, and whether it is an only-to-male job.

The first and basic method is OLS regression, in which the outcome variable is 1 if
it is a job only recommended to male applicants, and 0 if it is a female-only job. The re-
gressors are dummyvariables for the presence of 167words. Column 1 in Table 3.8 lists
the top 10 words in magnitude that are significant at 5% level. and the overall F-test
result is F(167, 24921) =2.63 (p<0.0001), indicating that the 167 words are jointly sig-
nificant. As the matrix is large, sparse, and some of the words are correlated with each
other, one may want to select variables that have a larger impact on the outcome rather
than including all of them. I use lasso and ridge regressions that impose a penalty
parameter for adding an extra variable to figure out which words correspond to the
different recommendations to men and women. I applied 20-fold cross-validation to
find the optimal penalty parameters, and the selected top 10 words by lasso and ridge
regressions are shown in column 2 and 3.

The last approach to identify words that contribute to the classification of jobs rec-
ommended to men and women is a machine learning method, random forest. Given
the binary measures for the outcome and independent variables, my data structure
is very suitable for adopting a decision tree method to find the important factors that
affect the sample splitting to male-only and female-only jobs. Column 4 in Table 3.8
presents the top 10 words with high feature importance based on 100 decision trees
and Gini impurity. I find that the three regressions’ results are quite consistent. For
instance, marriage leave, base pay, words about working hours and breaks are highly
predictive of gender-specific job recommendations. Random forest results suggest that
skills and flexibility are critical in explaining gender disparities in labor market outcomes.
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words related to breaks, holiday and vacation, are important in making a job ad more
or less male recommended.

Finally, to achieve an overall evaluation of gender bias in words, I compute the
vector dissimilarity between the average jobs recommended tomen andwomen. Based
on the extractedwords in the job descriptions, job i can be expressed by a vector Si with
167 elements, in which the ith word sij (j = 1, ..., 167) equals 1 if job i contains word
j. The dissimilarity between the average male-only job, S̄M and the average female-
only job S̄F is computed as Euclidean distance between two vectors, and is plotted in
Figure 3.7. It suggests that on the aggregate level, wording in jobs to men and women
has a dissimilarity about 0.3, and gender-specific jobs recommended to young workers
in male-dominated jobs and entry-level jobs have a slightly higher dissimilarity than
such seen by older workers in gender-neutral jobs and middle-level jobs.

3.7 Explanations for the Gender Bias in Job Recommen-

dations

Section 4 pointed out four mechanisms that could deliver gender-biased job recom-
mendations. In this section, I attempt to distinguish between these reasons, in order to
isolate which ones account for that bias.

First, my findings suggest that item-based CF enlarges gender bias in the applica-
tion process, at least in part. Because the job recommender systems absorb workers’
rating behaviors and suggest jobs that are similar to the previously applied jobs, rec-
ommended jobs would be more diverse when workers have different application his-
tories. I isolate the impact of item-based CF on gender difference by comparing how
the recommended jobs change before and after making applications. Quantitatively,
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according to Figure 3.3, the set difference rate rises remarkably after applicants send
out profiles in Round 1. Figure 3.8a illustrates the gender gaps of explicit measures on
jobs’ quality increase after applications, which is particularly true for requested work-
ing experience. For the wording in job ads, Figure 3.8b shows that on the aggregate
level, word dissimilarity between male- and female-only jobs increases after workers
start to apply. Furthermore, by checking the number of male and female words (de-
fined by proportion test with 5% significance level), I find that gendered words in
gender-specific jobs increase after applications: The number of male words increases
largely from 8 to 19, and the number of female words increases from 18 to 23.

Secondly, the association between gender and words established by content-based
recommendations plays a role in gender-biased job recommendations. On the basis of
findings fromTable 3.7, femalewords andmalewords contained in gender-specific jobs
are correlated with gender stereotypes in the workplace. For instance, figure, patient,
andmaternity leave are feminine-themed words, which also have a higher frequency in
the female-only jobs, while jobs recommended to males involve more maleness words
such as engineering and leadership, implying that gender-relatedwordsmay be encoded
and applied into the job recommendations.

Thirdly, rule-based approach that complies with employers’ stated gender requests
probably has a very limited effect on gender-biased recommendations. While I cannot
observe the preferred gender from public job ad postings, recent studies show that
jobs advertised specifically for men or women have substantially reduced due to the
recent policy interventions from the Chinese government (Kuhn and Shen, 2021). In
Kuhn and Shen (2013), jobs that specified desired gender accounted for about 10.5%
in Zhaopin in 2008, while my internal data from Liepin suggests that the share was
lower than 1% in 2018. Moreover, if the gender requests still exist, they are more
likely to appear in the fields that are dominated by one gender, thus we expect to find
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greater gender bias in male- and female-dominated jobs. However, my decomposition
on the setbeahvior difference rate as well as the explicit measures for the quality of
gender-specific jobs implies that there is no strong evidence that applicants in male-
or female-dominated jobs received more gender-specific job recommendations, or the
gender disparities in job’s quality magnified in those fields.

Finally, other features of my results suggest that recruiter-behavior based algo-
rithms affect job recommendations. Although my fictitious profiles are very brief and
rarely get callbacks from employers, the number of profile views are recorded by web-
sites, including the views from hiring agents who process the received applications,
as well as the views from other hiring agents who find the worker’s resume through
search function or worker recommendations in the job board. If a hiring agent shows
interest in a certain worker, then the worker may be recommended to apply for jobs
posted by that hiring agent, indicating that the human bias might be manifested and
reinforced by the algorithm bias.

To prove this claim, I run the regression of the set difference rate on the number of
views on the male and female profiles on gender pair level:

Yi = β0 + β1V iewFi + β2V iewDi + AX + ei (3.4)

The outcome variable Yi is the number of different recommended jobs per 100 recom-
mendations in gender pair i (100*set difference rate), and the variables of interest are
the number of views on female profile, V iewF , and the gap of received views between
female and male profiles in the gender pair, V iewD. Table 3.9 reports the regression
results. Column 1 only includes the twomeasures of views on gender pairs. Column 2
and 3 add controls for worker’s age and job’s gender type. In column 4, I further con-
trol for job board fixed effects to absorb various behaviors of hiring agents in different
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job boards. The estimation results show that views of the female profile are a signif-
icant contributor to the quantity of different jobs seen by identical men and women.
The effect of the gender gap in views on the share of gender-specific jobs remains in-
significant, however.

It is worth noting that although item-based CF, content-based recommendations,
and recruiter-behavior based algorithms potentially generate and perpetuate the gen-
der bias in job recommender systems, I cannot rule out the interactions between those
channels, for instance, and several mechanisms can lead simultaneously to the biased
results.

3.8 Conclusion and Discussion

Computer scientists have proposed a variety of ways to improve fairness in algo-
rithms. Most of these approaches focus on enhancing the algorithms’ design using
computations and formulas to minimize the risk of unfair treatment of certain groups
of people (Bozdag, 2013). Recently, a strand of economic studies has attempted to
eliminate algorithmic bias by introducing economic concepts into the algorithmic pre-
dictions. For instance, Kleinberg et al. (2018) point out that blinding algorithms to the
candidate’s identity is not a panacea for eliminating biases. They also argue that the in-
clusion of social planner who cares about equity in the prediction model can promote
algorithmic fairness. In studies on particular applications, Arnold et al. (2021) pro-
pose approaches to measure discrimination in algorithmic predictions in the context
of pretrial bail decisions, and Mullainathan and Obermeyer (2021) consider the label
choice bias in algorithms. Moreover, Rambachan et al. (2020) focus on the prediction
policy problems and address how to establish the optimal algorithmic regulation from
the perspective of economics.
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In the specific case of recommender systems, sophisticated recommendation algo-
rithms have proven to be effective in supporting human decisions in discovering new
items and are broadly applied in various fields. However, users, sometimes even the
designers, have limited knowledge of the recommendation generation process, and the
’black box’ of recommender systems may inadvertently cause problems in real social
and economic life. However, empirical evidence is still in its infancy in this field. My
paper provides an example through an algorithm audit to assess the causal effect of
gender in job recommender systems. Using both set differences and list differences
to measure the gender gap, I find that identical male and female applicants received
different recommendations, in which women were more likely to see low-wage jobs
requesting less working experience, requiring literacy and administrative skills, and
containing words related to female stereotypes than comparable men. With the grow-
ing use of online job searching and recruiting, further research on gender differentials
in labor markets should take the job recommendation bias into account.

Since the main objective of the recommendation system is to accurately predict
users’ (i.e., job seekers on internet job boards) interests, the objective of fairness is pos-
sibly overlooked and fails to be incorporated into such systems (Sonboli et al., 2021).
While recently some researchers have proposed the fairness-aware recommender sys-
tems, it remains an open challenge given that fairness is difficult to define, track, and
validate in recommendation systems in which every user expects a different item list
based on her taste (Ge et al., 2021; Gao et al., 2021; Beutel et al., 2019; Fu et al., 2020). In
my context, job recommender systems that are free of gender bias should theoretically
ensure that male and female workers with the same qualifications get recommenda-
tions of jobs with the same quality. But what if men and women behave differently
in job search such that men are more likely to click optimistically on high-paid jobs
than women (Burke et al., 2018)? Furthermore, on multi-sided platforms, fairness and
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utilities of all stakeholders should be considered. When hiring agents’ feedback in-
fluences the recommendation results, should the recommender system truly reflect
employers’ preference on desirable workers to facilitate potential job-worker matches
even if the human decisions are biased? If fairness involves showing workers many
jobs they have almost no chance of getting, is that desirable? In the long run, how to
maintain the algorithmic fairness when new variables are introduced in the dynamics
of job applications? What are the principles to make adjustments or corrections when
the bias is detected in the system? All these questions remain unanswered and are
good candidates for additional theoretical and empirical research.

Due to data limitations and the high complexity of job recommender systems, it is
difficult to find the exact reason or sole driver for the gender bias in job recommen-
dations from the observational data in algorithm audits (Hannák et al., 2017). More
importantly, how the gender-biased job recommendations affect job seekers’ searching
outcomes is stillmasked. I hope that future research using field experiments or internal
data from platforms will shed more light on those questions, and provide additional
insights for anti-discrimination policy and legislation.
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Figure 3.1: Timeline of the Experimental Steps

Notes:

1. Two profiles in each gender pair follow the same timeline. From Round 1 to Round 3, fictitious workers apply for the first
job to the 10th job that are displayed in their customized job recommendation interfaces, and the time interval for each
round is two weeks.
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Figure 3.2: Difference Measures in Job Recommendations

Figure 3.2a: Set Difference

Figure 3.2b: List Difference

Notes:
1. In (a), Set A represents jobs that are only recommended to male applicants, set B rep-

resents jobs that are only recommended to female applicants, and set C represents the
jobs that are recommended to both males and females. The set difference rate is de-
fined as the share of gender-specific jobs on the complete set of recommended jobs,
(A+B)/(A+B+C).
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2. In (b), the shadow area indicates the identical recommendations in the gender pair, in
which the ith recommended job in the recommendation list of pairwise male and female
applicant is the same. The list difference rate is defined as the share of different recom-
mendations in the recommendation list. In the above example, only the first two jobs in
recommendation lists are the same, then list difference rate is (n-2)/n.
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Figure 3.3: Set Difference Rate by Age, Job Gender Type, and Job Hierarchy

Figure 3.3a: Set Difference Rate by Job Gender Type and Age

Figure 3.3b: Set Difference Rate by Job Gender Type and Hierarchy

Notes:
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1. Set difference rate is defined on each group level. For instance, the first bar in (a) is the
share of gender-specific jobs on the total jobs recommended to young workers in female-
dominated fields.

Figure 3.4: Set Difference Rate by Experimental Rounds

Notes:

1. The number of job recommendations in Round 0 to Round 3 is 100, 20, 20, 20, respectively.
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Figure 3.5: Gender Differences on Explicit Measures by Groups

Figure 3.5a: Gender Differences on Posted Wage by Groups
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Figure 3.5b: Gender Differences on Requested Education by Groups
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Figure 3.5c: Gender Differences on Requested Experience by Groups

Notes:

1. In the job gender type, F denotes female-dominated jobs, N denotes gender-neutral jobs,
and M denotes male-dominated jobs. In the job hierarchy level, E denotes entry-level
jobs, M denotes middle-level jobs, and H denotes high-level jobs.
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Figure 3.6: Measure of Words’ Dissimilarity in Job Recommendations

Notes:

1. The word cloud is based on the extracted words in the job descriptions from 119,356 recommended job advertisements,
and the size corresponds the word frequency. The Chinese version is shown in Appendix Figure C.1.
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Figure 3.7: Word Cloud from Job Ads

Notes:

1. The vector of the average only-to-male (female) jobs consists of 167 elements, in which
each element represents the average frequency of that word in the only-to-male (female)
sample. Dissimilarity is defined as the Euclidean distance between the male and female
vectors.
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Figure 3.8: Comparison of Gender-Specific Jobs Before and After Applications

Figure 3.8a: Comparisons on Explicit Measures

155



M
easuring

A
lgorithm

ic
B
ias

in
Job

R
ecom

m
ender

System
s:

A
n

A
udit

Study
A
pproach

C
hapter

3

Figure 3.8b: Comparisons on Gender-Specific Words

Notes:

1. Figure 3.8a shows the gender gap of explicit measures on gender-specific jobs that are recommended before and after
applications separately.

2. Figure 3.8b compares the wording in gender-specific jobs before and after applications. Word dissimilarity is defined as it
in Figure 3.7, and the number of gendered words in job ads is computed with the same method in Table 3.6.
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Table 3.1: Descriptive Statistics: Applicant Sample

Notes:

1. Current wage and desired wage are annual wage in RMB.

2. Education levels in resumes are transformed to the years of education. A college degree
is equivalent to 15 years of education, and a bachelor’s degree is equivalent to 16 years
of education.

3. Standard errors are in parentheses.
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Table 3.2: Descriptive Statistics: Recommended job Sample

Notes:

1. Wage is the midpoint of the posted range of wages.

2. Education levels in job ads are transformed to the years of education. Middle school
takes 9 years of education, tech school and high school are equivalent with 12 years of
education, college is 15 years of education, and bachelor’s degree is equivalent with 16
years of education, master/MBA is 18 years of education, and doctoral degree is 23 years
of education.

3. Large company refers to companies that have more than 1,000 employees. The company
size is self-reported by hiring agents.

4. Standard errors are in parentheses.
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Table 3.3: Descriptive Statistics: Job Recommendation Sample

Notes:

1. Desired wage match equals 1 if the recommended job’s upper bound of posted wage
range is higher than the worker’s lowest desired wage.

2. Education (experience) match is 1 if the worker’s years of education (experience) are
above the request from the recommended job.

3. Location match is 1 if the worker’s city is consistent with the job’s city.
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Table 3.4: Set Difference Rate in Job Recommendations

Notes:

1. Set difference rate is computed by the number of gender-specific jobs over the number
of jobs recommended to both male and female applicants.

2. Duplicates of job recommendations from different rounds are counted once.

160



Measuring Algorithmic Bias in Job Recommender Systems: An Audit Study Approach Chapter 3

Table 3.5: Gender Differences on Explicit Measures of Recommended Jobs

Notes:

1. Gender difference is computed from the mean of male-only jobs minus the mean of
female-only jobs. Standard errors are in parentheses, which are derived from two-sample
t-tests with equal variance. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3.6: Gender Difference in Words in Job Recommendations

Notes:
1. Table 3.6 displays words that have significantly different probabilities of presenting in male-only and female-only jobs.

Coefficients in parentheses represent the gender difference (male-female).
2. Female (male) words are defined from the proportion test with negative (positive) gender differences that are significant

at 5% level.
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Table 3.7: Gender Differences on Words and Gender Stereotypes

Notes:

1. Table 3.7 shows the relation between gendered words in job ads and gender stereo-
types. The color intensity indicates themaleness and femaleness consistencywith gender
stereotypes from literature and two survey results. Female words are highlighted with
red colors, male words highlighted with blue colors, and strong color indicates high con-
sistency.
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Table 3.8: Top 10 Words in Prediction of Gender-Specific Recommended Jobs

Notes:

1. Table 3.8 presents the top words in predicting whether a job is only recommended to
male applicants. The outcome variable is binary and equals 1 for male-only jobs, and
independent variables are 167 dummy variables for the existence of words in job ads.

2. Column 1 lists words from the OLS regression, which are significant at 5% level and
sorted in descending order of the magnitude of coefficients.

3. Column 2 and 3 present words that are selected by the Lasso and Ridge regression. The
penalty parameter for Lasso regression is 0.23 and is 0.31 in Ridge regression. Those are
determined by using 20-fold cross-validation for the highest R squared. Words are sorted
in descending order of the magnitude of estimation effects.

4. In column 4, random forest is applied to find words that have high impacts on the clas-
sification of male-only and female-only jobs based on 100 bootstraps and Gini impurity.
Words are sorted in descending order of the importance factor.

5. "fiveone" represents "five social insurance and one housing fund" (五险一金), includ-
ing endowment insurance, medical insurance, unemployment insurance, employment
injury insurance, maternity insurance and housing fund. Big and small week describes
the working schedule in which workers have one-day rest in one week and two-day rest
in the next week.
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Table 3.9: Effects of Views from Hiring Agents on Job Recommendations

Notes:

1. The dependent variable is the number of gender-specific jobs in 100 recommended jobs.

2. In column 1, the regressors are the number of views on the female’s profile and the gen-
der gap on the number of views (male-female) in each gender pair. Column 2 controls
for young or older pairs. Column 3 further controls the worker’s job gender type, in-
cluding female-dominated jobs, gender-neutral jobs and male-dominated jobs. Column
4 adds the job board fixed effect.

3. Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Appendix for "Gender-Targeted Job

Ads in the Recruitment Process: Facts

from a Chinese Job Board"

A.1 International Examples of Gendered Job Ads from

Indeed.com

Accurate measures of the share of ads on a job site that are gender-targeted can-
not be generated by conducting searches on the site’s public portals, for a number of
reasons. First, the ads on the site at a point in time represent a stock sample with
potentially many stale ads. Second, unless the job board has chosen to collect and to
publicize an unambiguous indicator of the employer’s gender preference (as XMRC
does), gender preferences can be expressed in many different ways, some of which are
evasive, others of which are costly to detect.1 Third, jobseekers’ search results are often

1The use of gendered job titles (such as abogada and abogado in Spanish) is particularly burden-
some to measure since each title expresses gender in a different way.
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prioritized in ways that are opaque to the user. Finally, without a well-defined sample
that has been drawn from the board’s internal database, researchers are forced to rely
on denominators provided by the job board, which are not clearly defined and prone
to exaggeration.2

With these cautions in mind, we can arguably get some indicators of at least the
presence and typical form of explicit gender requests by conducting keyword searches
for jobs through the worker portal on a site. In this document we present examples of
the results of such searches on Indeed.com, which currently operates job search plat-
forms in 63 countries. The ads reproduced in the following pages were collected from
Indeed.com’s international portal: https://www.indeed.com/worldwide on Novem-
ber 12, 2018. In all cases, we searched for the terms “male” and “female” in the sites’
native languages (this was English in India and Pakistan), then – where necessary –
used Google to translate the results. Since “male” and “female” can be used in several
ways that do not request a specific gender for the job (including saying that both men
and women are welcome), we manually searched through these search results ads till
we found ads that expressed a preference for one gender. We never had to go beyond
the first 50 search results to find such ads. Noting that Indeed, as a U.S.-owned com-
pany, may be more sensitive to stigma associated with posting gendered ads, and that
its international sites tend to serve educated and disproportionately English-speaking
workers, it seems likely that gendered ads would be even easier to find on locally-
owned and operated sites.

In all cases the searches were done without creating an account on Indeed, and
without specifying a type of work or location—the only search term was “male” or

2Another emerging difficulty is the possibility that job boards are designing their worker-facing
search algorithms to make certain forms of explicit gender requests hard to find via a keyword search,
even though these requests are still present in ads (that are found via other keywords). We report some
suggestive evidence of this in Section 3.2.
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“female”. No other filtering or ordering of results was done. The countries searched
are the ten countries represented by Indeed with the largest populations. Since In-
deed serves ten of the eleven largest countries, our results are for the world’s 11 most
populous countries with exception of Bangladesh, representing 57.4% of the world’s
population. The ads are numbered by country population rank.
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1. China
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2. India
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3. USA

We searched for “male” and “female” as keywords without registering as workers and without specifying a loca-
tion or type of worker.
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4. Indonesia

In several countries, requests for a specific gender are frequently accompanied by a desired age range as well. See
Helleseter et al. (2020) for detailed evidence on age*gender interactions in job ads from China and Mexico.
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5. Brazil

A large number of Indeed’s Brazilian ads say the job is open to both men and women, but single-sex ads like these
also exist.

This is an interesting example of the same company is advertising similar jobs for men and women, but offering a
30 percent higher wage in the male ad.
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6. Pakistan

Requests for women in customer-contact jobs like this one frequently include explicit requests for
beauty(Helleseter et al., 2020).

174



A
ppendix

for
"G

ender-Targeted
Job

A
ds

in
the

R
ecruitm

ent
P
rocess:

Facts
from

a
C
hinese

Job
B
oard"

C
hapter

A
7. Nigeria
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8. Bangladesh

Does not have an Indeed site.

9. Russia
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9. Russia (continued)

Ads of this type – where a company requests both men and women, but for different duties within the firm – were
much more common on Indeed’s Russia site than ads requesting a single gender only.
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10. Mexico
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10. Mexico(continued)
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11. Japan

The Japanese Equal Employment Opportunity Law prohibits employers from saying that they prefer to hire men
(women). However, job ads on Indeed’s Japan site frequently say that men (women) are playing “active roles”, or
‘thriving’ in these jobs or in the firm. The intent appears to be to signal that the jobs in question are suited to a
particular gender.

180



A
ppendix

for
"G

ender-Targeted
Job

A
ds

in
the

R
ecruitm

ent
P
rocess:

Facts
from

a
C
hinese

Job
B
oard"

C
hapter

A
Female

A better translation of the job title is: "(Women thriving) General Affairs. Asked to perform a step-up task in
the enviable Marunouchi area. Working for major corporations." This is a job ad for a contract firm. The successful
applicant would work in a new office of this contract firm in a new building in Marunouchi area, and work for one
of its clients, Mitsubishi Heavy Industry. Since Japanese employers are not allowed to make explicit gender requests,
“women thriving” is a way to signal that women are doing well in this particular position.
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Male

A better translation of the job title is: "General Affairs or Accounting. Men thriving. Possible to advance your
career in a stable company."

This Appendix was prepared with the assistance of Steve Li and Jia You, undergraduate students at UCSB. The
authors thank Takao Kato, Professor of Economics, Colgate University for helping me understand the Japanese ads.
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A.2 Legislation Affecting Gender-Targeted Job Ads in

China

A.2.1 Early Laws and Regulations Concerning Gender Discrimina-

tion

China’s constitution and labor law have prohibited gender discrimination since at
least 1982. For example, Article 48 of the Constitution of the People’s Republic of China
(1982) grants women “equal rights with men in all spheres of life, political, economic,
cultural, social, and family life”, and affirms the principle of equal pay for equal work
for men and women. With the exception of “types of work that are not suitable for
females”, the Labor Law of the PRC (1994; Article 13) prohibits using sex as a pretext
for excluding females from employment or for raising recruitment standards; similar
provisions are found in the Law of the PRC on the Protection of Rights and Interests
of Women (2005; Article 22), and the Law of the PRC on Promotion of Employment
(2007, Articles 26 and 27.) The latter law also prohibits employment contracts that
restrict female workers from getting married or bearing a child.

While a ban on ads (of any kind) that "carry any nationality, religious or sex dis-
criminating information" has been in place since 1994 (Advertisement law of the PRC,
Articles 7 and 39), the earliest regulations we are aware of that specifically prohibit
gender discrimination by labor market intermediaries date from 2007. At that time,
the Ministry of Labor and Social Security’s Regulations on Employment Service and
Employment Management prohibited intermediaries from “releasing any information
indicating employment discrimination” (Articles 58 and 74).

Enforcement of China’s anti-discrimination laws before 2012 however, is widely
perceived to have been weak (Watch/Asia, 2018), and our previous studies of online

183



Appendix for "Gender-Targeted Job Ads in the Recruitment Process: Facts from a Chinese Job
Board" Chapter A

job boards (Kuhn and Shen, 2013; Helleseter et al., 2020) suggest that these laws did
not seriously constrain employers’ use of explicitly gendered job ads at that time.

A.2.2 Court Cases

According to Flory et al. (2015), the first lawsuit claiming gender discrimination
in China’s labor market was filed in July 2012. After graduating from a Beijing uni-
versity, Ju Cao was told that she was not qualified for an administrative assistant job
because “this was a position for men, we would not consider you although you are
qualified”. As part of an out-of-court settlement, the firm made a public apology to
Ms. Cao. In 2014, another new graduate, Guo Mou was rejected from a copywriting
job at Hangzhou‘s prestigious New East Cuisine Education school, for the reason that
“men are more qualified for this position”. The school was ordered to pay Ms. Guo
2,000 yuan for “spiritual injury” (CCTV.com, 2015). In China’s first lawsuit on gender
discrimination against a state-owned enterprise (SOE), Hu Ma was rejected for a de-
livery job with China Post. In response to her lawsuit, submitted on January 26,. 2015,
China Post argued that delivery requiredworkers to hold heavy objects, whichmet the
legal exception of not being “suitable for females”. The Court of Beijing rejected China
Post’s argument and ordered them to compensate Ms. Hu (Zhang, 2016).

Since the latter two lawsuits, the plaintiffs (Guo and Hu), have become activists
against gender discrimination in employment. As part of their efforts, they have col-
lected gender-targeted job ads on sites including Zhaopin.com, 51job.com, 58.com,
Chinahr.com, and reported them to Ministry of Labor and Social Security.

In addition to the above court cases, a recent regulatory development seems to have
proddedChina’s largest job boards to actively discourage and remove gendered job ads
from their sites. In May 2016, China’s Ministry of Industry and Information Technol-
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ogy issued a regulation aimed directly at gendered job ads on online job platforms. A
key component of this regulation clarified the division of fines between the job board
(30%) and the firm placing the ad (70%). This appears to have been at least partially
effective: by October 2018, explicit requests for men or women ads were effectively ab-
sent from the two of largest privately operated job boards: 51 job and Zhaopin (see
Appendix A.3).

Some insight into how this change occurred is available from our conversations
with officials at Liepin.com, a ‘high-end’ job board catering to executive-level posi-
tions. After receiving notice of the May 2016 regulation, Liepin sent a letter to all HR
personnel using their website, stating that the HR personnel would not be allowed to
post new job ads stating an explicit preference for one gender. Hiring managers were
also asked to revise existing ads by removing any gender labels or other statements of
gender preference.

At the same time, Liepin developed and improved its own filtering system to de-
tect gendered job ads. Focusing first on newly-posted ads, Liepin tagged ads including
statements like “male first”, or “only for women” “male engineer” etc. and asked HR
personnel to change these ads. Starting in July 2016, Liepin actively revised previously-
posted ads by removing the gender requests without changing anything else. All such
ads were replaced by the end of August, 2016. Since then, in part due to increased
scrutiny from applicantswho arewilling to report violations to the government, Liepin
has improved its screening forwords thatmay convey a preferred gender, using human
screeners to examine jobs that are considered suspect by Liepin’s algorithms. Notably,
throughout this process, Liepin continued to allow HR personnel to filter job applica-
tions by gender, so that the firm could choose to see only applications from one gender
regardless of who applied. Thus, at least on Liepin, internal filters seem to have re-
placed public gender requests.
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A.3 Gendered Job Ads in China, 2018

A.3.1 Methods

As noted in Appendix A.1, accurate measures of the share of ads on a job site that
are gender-targeted cannot be generated by conducting searches on the site’s public
portals. As we did in Appendix A.1 for the international context, however, this Ap-
pendix attempts to document the presence and typical form of gender requests on
various Chinese job sites by searching for jobs using gender-related keywords. Specif-
ically, entering the sites via their jobseeker portals, we searched for words that might
convey a gender preference by the employer. Then, we inspected the first page of re-
sults (usually 50 ads) to count the number of those hits inwhich the keywordwas used
to request a specific gender (as opposed to describing the product/service, or inviting
both genders to apply). In performing these searches, we did not create a worker pro-
file on the site or specify any worker characteristics, nor did we enter any search terms
for the location and type of work sought. All searcheswere performed inOctober 2018.
The only search terms we entered were the following (one at a time):

1. Direct gender indicators: “man (男)” and “woman (女)” (This includes “men”
and “women” in Chinese).

2. Transformed gender indicators: “nan” (the pronunciation for man, or南 mean-
ing south, which has the same pronunciation with man in Chinese), and “nv”
(the pronunciation for woman; nv is the Chinese phonetic of women). These
indicators have been used by employers to evade some recent enforcement activ-
ities (Watch/Asia, 2018).

3. Gendered adjectives: handsome (帅), gentleman (绅士), and “tall and strong”
(高大健壮) for men; beautiful (美丽), lady (淑女), and “beautiful face” (面容姣
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好) for women.

4. New “web words”: little brother (小哥 lad), little sister (小姐姐 lass). These new
words refer in a polite way to someone who is young and good-looking. They
aremorewidely used by young people, and in job ads aimed at younger workers,
such as social media jobs.

In the rest of this Appendix, we provide a verbal overview of these search results.
Tabular results with additional details and commentary are available from the authors.

A.3.2 51job.com and Zhaopin.com

51job and Zhaopin are China’s two largest job boards. Both are privately run and
cater to private-sector firms and workers. Our searches of these sites revealed no uses
of the ‘direct’ indicators “man (男)” and “woman (女)” to request a specific gender,
and only a few uses of the transformed indicators “nan”, or “nv”. One likely reason is
enforcement: these boards now face a risk of being fined if they post gendered jobs; in
response, the boards seem to have improved the screening of sensitive words so they
no longer appear in workers’ search results. In addition, these boards now discourage
recruiters from making gender requests in job ads.3 A second possible reason is that
these boards cater to highly skilled workers; this may leave the boards more vulner-
able to disapproval on social media if they post gendered ads. A third contributing
factor may be the fact that employers’ demand for gender profiling was relatively low
in highly skilled jobs to beginwith, evenwhen this practicewaswidely tolerated (Kuhn
and Shen, 2013; Helleseter et al., 2020), thus reducing the cost of compliance with the

3Zhaopin’s portal states “Please do not include words that have the meaning of gender discrimina-
tion”. Chinahr says “To make sure the job ad can pass checking, please do not enter repeat or mean-
ingless information, and do not enter discriminating information, such as ‘women first’, or ‘only for
men’”.
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new restrictions.
This being noted, our analysis also shows that these job boards still accept subtler

gender signals in ads, such as the gendered adjectives and the new “webwords”we ex-
amined. For example, even though searches for “woman” yielded no results, searches
for compound words like “lady” = “gentle+woman” (two characters) yielded several
pages of results (though most of these refer to the names, products or brand of the
firms). In addition, the adjectives “handsome”, “gentleman”, and “tall and strong”
were frequently used to request men in jobs that included fitness instructors, sales,
and warehouse work. “Beautiful”, “lady”, and “beautiful face” were used to request
women in jobs that included customer service, front desk and modeling. Finally, the
newweb words ”little brother” and “little sister” were also used to convey a clear gen-
der preference. For example “little brother” was frequently used to request (young)
men for (electric bicycle) delivery jobs, and “little sister” for camgirl jobs.4 Also of in-
terest, both Zhaopin and 51job allow recruiters to select a filter that will only show the
recruiter the applications from a particular gender.5 Overall, prohibition of gendered
job ads has pushed formerly overt discrimination into more hidden forms on these
platforms.

A.3.3 Chinahr.com

We conducted a comparable search of Chinahr.com, a national job board that caters
more to blue collar workers than Zhaopin and 51job. Here, the terms “man” and
“woman’ each yielded more than one page of search results.6 Inspecting the first page

4The delivery jobs in question involve driving electric bicycles with packages or meals; pay is
commission-based and the jobs are short term and relatively dangerous. Because most of the employees
are young men, they are typically called “delivery little brother”.

5The same is true for Liepin.com, a recruiting site focusing on higher managerial positions.
6On Chinahr, a page of search results comprises 40 job ads.
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of these revealed that 17 (or 43%) of the uses of “man”were explicit gender requests, as
were 15 (or 38%) of the uses of “woman”. Interestingly, here the transformed gender
terms “nan” and “nv” were almost never used to request an applicant gender, perhaps
because direct requests were still feasible. Perhaps for the same reason, gendered ad-
jectives and newwebwords –while present – weren’t usedmuch to request candidates
of a specific gender either. We speculate that Chinahr is more tolerant of gender pro-
filing by employers than 51job and Zhaopin because of its focus on blue collar jobs,
where, as noted, employers’ demand for gender profiling appears to be much higher
(Kuhn and Shen, 2013; Helleseter et al., 2020), andwhere both stigma and enforcement
may be weaker.

A.3.4 Local Internet Job Boards

Parallel to the private-sector boards discussed above, China has a system of
government-run or government-sponsored job boards that operate at the city or
province level. These boards’ names end in RC, GGZP or HR; XMRC is one of them.
In general, these boards tend to serve lower skill levels than the national boards de-
scribed previously. Like the national job boards, however, all of these boards serve
private-sector employers and workers; recruiting for government jobs takes place via
other channels. In a comprehensive web search – also in November 2018 – we were
able to find 33 such boards of non-negligible size.7

When we examined the recruiter portals of these 33 sites, we found that 11 of them
(includingXMRC) asked employers to specify the gender of theworker theywere seek-
ingwhen the employer fills out a template for a job ad. Four of the sites (also including
XMRC) allowed workers to filter job ads based on these employer requests. Keyword

7We found 57 boards in total, but 24 of these claimed to host 1000 or fewer job ads.
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searches for “male” and “female” produced hits on all but two of these sites, and exam-
ination of the first 50 hits on each site revealed that these terms were frequently used
to express a preference for male or female applicants. Code words like “nan” and “nv”
turned up almost no results, perhaps because direct gender requests are still possible
on these sites.

In sum, compared with private job boards, government-sponsored local job sites
had a larger number of explicitly gendered job ads in late 2018. We can think of three
possible reasons for this. First, these sites tend to be relatively small, so they may so
far have escaped the attention of regulators. Second, these sites – especially the pure
job-posting services – serve less-skilled jobs and workers, where employers’ demand
for gender filters is considerably greater. Finally, in China, workers may be much less
inclined to report government-sponsored sites for regulatory violations, compared to
privately operated sites. Since November 2018, increasing enforcement appears, how-
ever, to have encroached on these job boards as well. In fact, XMRC was forced to
abandon explicitly gendered ads in March 2019.

A.3.5 Other Internet Job Boards

58.com is China’s largest online job board serving temporary and part time jobs.
In contrast to the job sites discussed previously, employers on 58.com include a large
number of individuals, not just firms. Most of the jobs posted have low skill require-
ments and are informal in nature (in the sense that they do not participate in the social
insurance system). A search of 58.com, parallel to those of 51job, Zhaopin andChinahr,
indicated that both the words “man” and “woman” and their transformations are fre-
quently used to request workers of a particular gender.8 This may be due, in part, to

8Notably, this is despite the fact that 58’s employer portal asks job posters, “Please do not include
special symbols or any gender discriminating information”.

191



Appendix for "Gender-Targeted Job Ads in the Recruitment Process: Facts from a Chinese Job
Board" Chapter A

workers’ unwillingness to report individuals (as opposed to firms) for discrimination,
and the small stakes involved in doing so. And again, demand for gendered ads may
be higher due to the less-skilled nature of these jobs.

Finally, Yingjiesheng.com is a website that aggregates information about job open-
ings for new university graduates from a number of sources, including the job boards
described above. In addition to referring applicants to those job postings, Yingjiesheng
provides information about the recruitment plans of firms attending campus job fairs,
and about the recruitment plans posted by firms on their own websites. These plans
frequently include explicit gender preferences, which can often vary within firms. For
example, a firm’s official, posted recruitment plan might say, “We are hiring 5 men for
position A, 10 men for position B, and 5 women for position C”.

This Appendix was prepared with the assistance of Naijia Wu, an undergraduate
student at UCSB.
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A.4 Additional Tables and Figures

Table A.1: Descriptive Statistics: Ads in Full Sample
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Table A.2: Descriptive Statistics: Ads in Callback Sample
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Table A.3: Descriptive Statistics: Applications in Callback Sample

Notes:
Zhicheng is a nationally-recognizedworker certification system that assigns an official rank

(from one through six) to workers in almost every occupation. Ranks are based on education,
experience and in some cases nationwide or province-wide exams.

195



Appendix for "Gender-Targeted Job Ads in the Recruitment Process: Facts from a Chinese Job
Board" Chapter A

Table A.4: Comparing XMRC Ads to the Employed, Private-Sector Population in Xia-
men and Urban China

Notes:
1. Employment data are from the 2005 Census, 1% sample, persons currently living in ur-

ban regions, who are currently employed in the private sector (i.e. excluding SOEs, gov-
ernment and collectives).

2. "Urban China" comprises the four municipalities directly under the jurisdiction of
the central government (Beijing, Shanghai, Tianjin and Chongqing) plus the 15 sub-
provincial cities: Changchun, Chengdu, Dalian, Guangzhou, Hangzhou, Harbin, Jinan,
Nanjing, Ningbo, Qingdao, Shenyang, Shenzhen, Wuhan, Xiamen, and Xi’an.

3. Chinese wages have been adjusted for per capita GDP growth between 2005 and 2010
using IMF GDP statistics.

4. The occupational classification system used by XMRC uses 37 categories that were cre-
ated by the website; mapping these into Census categories is a fairly subjective exercise.
Therefore we only attempt this at a very high level of aggregation, and we recommend
treating the occupational statistics with caution.
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TableA.5: Matching, Compliance and Enforcement Rates forOther Forms ofMismatch

Notes:
1. Row 2: Education matching means the candidate’s education falls into the education

category that is requested in the ad. The five education categories are: primary or less (6
years), junior middle school (9 years), high school (12 years), college or technical school
(15 years) and university (16 years).

2. Row 3: Experience matching means the candidate’s experience equals the amount re-
quested in the ad, or exceeds the request by no more than three years.

3. Row 4: Wage matching means the applicant’s current wage is in the same wage category
as the job’s advertised wage. The wage categories (in RMB/month) are “around 1000”,
1000-1999, 2000-2999, 3000-3999, 4000-4999, 5000-5999, 6000-7999, and 8000-9999. Since
99 percent of offered and current wages are below 6000, this means that the candidate’s
wage is, on average, within about 1000 RMB/month of the offered wage, or within about
one standard deviation.

4. Row 5: A worker is age-matched if her age is within the employer’s requested age range.
5. Row 6: A worker is age-matched if her age is within the employer’s requested age range,

or is one year outside the requested range.
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6. Row 7: a worker is age-matched if her age is within the employer’s requested age range,
or is up to two years outside the requested range.

7. Rows 8–10: A worker is age-matched if her age is within 2, 3 or 4 years of the midpoint
of the employer’s requested age range.
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Table A.6: Effects of Gender Requests on the Share of Female Applications Received
(α) Callback Sample Only

Notes:

1. In addition to the covariates shown, columns 2-5 also control for the following job ad
characteristics: requested experience level (quadratic), requested age level (quadratic
in midpoint of range), advertised wage (quadratic in midpoint of bin; 8 bins), dummy
for whether new graduate requested, number of positions advertised, plus dummies for
missing education, age, wage and number of positions.

2. All regressions are weighted by the total number of applications received.

3. ’Effective’ N excludes job titles, and firm IDs that only appear in one ad in columns 4,
and 5 respectively.

4. Table A.6 replicates Table 1.3 for the sample of job ads for which we observe callback
information. The most saturated specification we can estimate in this smaller sample
replicates column 5, where firm and job title fixed effects are entered separately. The
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estimated effects of male and female labels of -.103 and .240 are very similar to Table
1.3’s estimates of -.120 and .234; all of these coefficients are highly statistically significant.
Standard errors in parentheses, clustered by firm. *** p<0.01, ** p<0.05, * p<0.1
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Table A.7

Table A.7a: Descriptive Statistics: 1448 ads in Table 1.3 Column 6

Notes:
Compared to the full sample of 42,744 job ads (Table A.1), the 1,448 job ads that identify

our preferred estimates of compliance (column 6 of Table 1.3) are:
• slightly more likely to request men and women (1.8 and 2.8 percentage points respec-

tively)
• request slightly less education (0.25 years)
• -request slightly younger workers (about one year)
• -request a little less experience (0.15 years)
• -offer 11.2% lower wages (2520-2239)/2520.
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Table A.7b: The five most common occupations in the ‘identifying’ and full samples

Notes:
Four of the five most common occupational categories applied to in the identifying sample

are in the top five in the overall sample: Construction, Sales, Manufacturing and Administra-
tion. These four categories comprise 38 percent of the identifying sample and 36 percent of the
overall sample.
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Table A.7c: The ten most common job titles in ‘identifying’ and full samples

Notes:
Nine of the ten most common job titles in the identifying samples are in the top ten job

titles overall. Together these titles account for 23.9 percent of the identifying job titles, and 9.1
percent of all job titles.

Thus (as we would expect), identification comes disproportionately from the most com-
mon job titles, since the chances of observing different gender requests attached to the same
title inside the same firm increase with the prevalence of the title.
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Table A.8

Table A.8a: Men’s Selection into Gender-Mismatched Applications

Notes:

1. Men who apply to jobs requesting women are less likely to match the job’s education
and age requirements, and more likely to meet the job’s experience requirement than
men applying to gender-matched jobs.

2. Men who apply to jobs requesting women send their (entire) application packet to occu-
pations and job titles with lower callback rates, compared to men who apply to gender-
matched jobs.

3. Men who apply to gender-mismatched jobs submit many more applications overall, and
apply to a much greater variety of occupations and job titles than men who apply to
gender-matched jobs.
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4. *** p<0.01, ** p<0.05, * p<0.1, based on two-sample t-test with equal variance. (No sig-
nificance levels change if we use unequal variances).

Table A.8b: Women’s Selection into Gender-Mismatched Applications

Notes:
1. Womenwho apply to jobs requestingmen are less likely tomatch the job’s education and

age requirements, andmore likely to meet the job’s experience requirement than women
applying to gender-matched jobs. All these differences are quite small, however.

2. Women who apply to jobs requesting men send their (entire) application packet to job
titles with lower callback rates, but occupations with slightly higher callback rates, com-
pared to women who apply to gender-matched jobs.

3. Women who apply to gender-mismatched jobs submit many more applications overall,
and apply to a much greater variety of occupations and job titles than womenwho apply
to gender-matched jobs.
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4. *** p<0.01, ** p<0.05, * p<0.1, based on two-sample t-test with equal variance. (No sig-
nificance levels change if we use unequal variances).
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Table A.9: Effects of Gender Requests on Skill Requirements and Offered Wages

Notes:

1. Table A.9 replicates column 5 in Table 1.3, using skill requirements and the offered wage
as outcome variables, and removing the controls for posted wages, number of positions
advertised and requests for new graduates. Ads with a missing age requirement are
excluded from all regressions.

2. In column 1, the dependent variable is requested years of education; thus ads with miss-
ing education requirements are dropped from the sample. Controls for requested edu-
cation and experience are also excluded.
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3. In column 2, the dependent variable is requested years of experience; thus ads with no
explicit experience requirement are dropped from the sample. Controls for requested
education and experience are also excluded.

4. In column 3, the dependent variable is offered wage in thousands of yuan per month;
thus ads that do not post a wage are dropped from the sample.

Once we control for detailed duties (with job title fixed effects) jobs that explicitly request
men or women do not require higher or lower levels of skill –as measured by education or
experience– than non-gendered job ads. Even within job titles, however, ads explicitly request-
ing women pay (.1921/2.46=) 7.8 percent less, a difference which is highly statistically signifi-
cant.
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Figure A.1: Distribution of Leave-Out-One-Title Estimates of Gender Request Effects
on Female Applicant Shares

Figure A.1a: Effect of a Request for Men

Figure A.1b: Effect of a Request for Women

Notes:
1. There two figures present estimates of the “Ad requests men” and “Ad requests women”

coefficients in column 6 of Table 1.3.
2. These coefficients are identified by 416 distinct job titles; the Figures report the distribu-

tion of estimates when one job title is dropped at a time.
3. Vertical solid line represents the entire-sample estimate; vertical dashed lines show the

5th and 95 percentiles of the estimates.
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4. All estimates of the request-male effect are between -.155 and -.136 and statistically sig-
nificant (p<.01). All estimates of the request-female effect are between .238 and .265 and
statistically significant (p<.01).

Figure A.2: Selected Job Titles, by Predicted ’Maleness’ (Mp) and ’Femaleness’ (Fp)

Notes:

1. Symbol size is proportional to the number of unique job ads.

2. The job titles shownare the job titles that correspond to the largest number of applications
in each cell.

3. The forty cells in the figure are defined by four predicted ‘femaleness’ ranges
([0,0.1],[.3,.4],[.6,.7],[.9,1]) and ten predicted ‘maleness’ ranges ([0,0.1],[.1,.2],,[.9,1]).

Figure A.2 shows that “front desk clerks” and “big truck drivers” are typically female and
male jobs, respectively. Other jobs, like “credit card account collection” express gender pref-
erences frequently, but prefer females in some postings and males in others. Finally, jobs like
“international trade person” rarely express an explicit gender preference; thus, the predicted
‘maleness’ and ‘femaleness’ of these jobs are both very low.
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Figure A.3: Effects of Gender Requests and Predicted Genderness of the Job Ads on
the Gender Mix of Applications Received (Full Ad Sample, log-odds specification)
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Notes:

1. Figure A.3 shows predicted values of the female share of applicants (α) from a specifi-
cation identical to Figure 1, with the following changes:
(1) The dependent variable α, is now log α/(1− α). ‘Corner’ values of α are accommo-
dated by setting α = 0.5/Awhen α = 0 and setting α = (A− 0.5)/Awhen α = 1, where
A is the total number of applications to the ad.
(2) the quartics in Fp and Mp (each interacted with F, N and M) are replaced by linear
terms (again interacted with F, N and M ).

2. As in Figure 1, predictions in part (a) hold Mp at its mean, and predictions in part (b)
hold Fp at its mean. All other characteristics are set at their means.

3. The regression is weighted by the number of applications to each ad, and standard errors
are clustered at the firm level.
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Figure A.4: Effects of Gender Requests and Predicted Genderness of the Job Ads on the
Gender Mix of Applications Received (Full Ad Sample, quartile dummy specification)
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Notes:

1. Figure A.4 replaces the quartic in Figure 1 by a set of fixed effects for quartiles of the
predicted maleness (Mp) and femaleness (Fp).

2. Quartiles ofMp are: 0.0137, 0.0856, 0.3948; Quartiles of Fp are: 0.0308, 0.1462, 0.7235.

3. Predictions in part (a), which shows the effect of implicit femaleness (Fp) quartiles, hold
(Mp) at the second quartile. Predictions in part (b), which depicts the implicit maleness
(Mp) quartiles, hold Fp at the second quartile. All other characteristics are set at their
means. The regression is weighted by the number of applications to each ad, and stan-
dard errors are clustered at the firm level.
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A.5 Effects of Explicit Gender Requests on the Number

and Quality of Applications

Table A.10 replicates Table 1.3, using the total number of applications received as
the outcome variable. Tables A.11 - A.16 do the same for a variety of measures of the
average quality of the applicant pool.

In some of the uncontrolled regressions of column 1, a number of effects are esti-
mated, which confirm known features of the data: there are more female jobseekers
thanmen on the board; gendered job ads aremore common in unskilled positions, and
men tend to have more experience than women.

Once job titles are controlled for, however (columns 5 and 6),
-there is some evidence that employers pay a price in applicant numbers when they

advertise a gender preference (though the estimates are imprecise in column 6)
-there is no detectable effect of gender requests on mean applicant education and

experience (Tables A.11 and A.12)
-all the estimated effects of gender requests on match quality (Tables A.13 - A.16)

are small and statistically insignificant
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Table A.10: Effects of Gender Requests on the Number of Applications Received

Notes:

1. Dependent Variable: the total number of applications received, mean = 44.14.

2. Relative to the mean of 44.14 applications, column 6 indicates that adding a request for
men (women) to a job ad reduces the number of applications received by 28 (31) percent.
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Table A.11: Effects of Employers’ Gender Requests on the Mean Education of Appli-
cants

Notes:

1. Dependent Variable: the mean education of all the applicants, mean = 14.21.

2. Regressions are weighted by the number of applications to the ad.
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Table A.12: Effects of Gender Requests on the Mean Experience of Applicants

Notes:

1. Dependent Variable: the mean experience of all the applicants, mean = 4.13.

2. Regressions are weighted by the number of applications to the ad.
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Table A.13: Effects of Gender Requests on the Share of Applicants Satisfying the Job’s
Education Requirement

Notes:

1. Dependent Variable: the share of applicants that satisfy the job’s education requirement,
mean = .9178.

2. Regressions are weighted by the number of applications to the ad.
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Table A.14: Effects of Gender Requests on the Share of Applicants Satisfying the Job’s
Experience Requirement

Notes:

1. Dependent Variable: the share of applicants that satisfy the job’s experience requirement,
mean = .8741.

2. Regressions are weighted by the number of applications to the ad.
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Table A.15: Effects of Gender Requests on the Share of Applicants Satisfying the Job’s
Age Requirement

Notes:

1. Dependent Variable: the share of applicants that satisfy the job’s age requirement, mean
= .8532.

2. Regressions are weighted by the number of applications to the ad.
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Table A.16: Effects of Gender Requests on the Share of Applicants satisfying the Job’s
Education, Experience and Age Requirements

Notes:

1. Dependent Variable: share of applicants that satisfy the job’s education, experience and
age requirements, mean = .7113.

2. Regressions are weighted by the number of applications to the ad.
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A.6 Modeling Implicit ’Maleness’ and ’Femaleness’ of

Job Titles: A Naïve Bayes Approach

This note describes howwe construct ameasure of the perceived, or ‘implicit’ male-
ness of each job title using a Naïve Bayes approach based on the words in all the job
titles. The same method can be used to construct job titles’ ‘implicit’ femaleness. Our
approach follows the algorithm described in Mitchell (1997). More specifically, such
algorithm, which is commonly used in textual analysis, is referred to as the multi-
variate Bernoulli event model by McCallum et al. (1998).

A.6.1 Description of the Problem

Let J be the set of jobs, K be the set of job titles that ever appear in the job set J ,
and W be the set of words that ever appear in the job title set K. Define |A| to be the
number of elements in set A. Similarly, |J | is the number of jobs, |K| is the number of
unique job titles and |W | is the number of unique words in the job titles.

For any job j ∈ J , let k(j) ∈ K be its title, and let ω(j) ∈ 0, 1 indicate whether this
job explicitly prefer men. In other words, ω(j) = 1 if this job explicitly prefers men,
and 0 otherwise. For any job title k ∈ K, let W k ⊆ W be the set of words that appear
in job title k.

The implicit maleness of a job title k with word setW k can then be expressed using
Bayes rule as follows,

P (ω = 1|W k) =
P (W k|ω = 1) · P (ω = 1)

P (W k)
(A.1)
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A.6.2 Solving the Problem

Notice that P (ω = 1|W k) can be rewritten as follows,

P (ω = 1|W k) =
1

1 + P (Wk|ω=0)·P (ω=0)
P (Wk|ω=1)·P (ω=1)

(A.2)

The Prior Probabilities

One option for modelling the prior probabilities P (ω = 1) and P (ω = 0) is to use
the overall share of jobs that explicitly prefer men and that of jobs that do not explic-
itly prefer men in the sample. This approach is indeed widely used in commonly text
classification. While this information is available to us, it may not be available to indi-
vidual jobseekers, whose perceptions we are attempting to model. Thus we adopt the
naïve assumption that ˆP (ω = 1) = ˆP (ω = 0) = 0.5. Graham (2002) also argues for this
assumption in the spam-filtering setting. Thus, equation A.2 simplifies to

ˆP (ω = 1|W k) =
1

1 + P (Wk|ω=0)
P (Wk|ω=1)

(A.3)

The Conditional Probabilities: FromWords to Job Titles

To simplify the challenging task of estimating P (W k|ω), the Naïve Bayes approach
assumes,

(1) the appearance of each word is independent, and
(2) the ordering of the words in a job title is irrelevant.
This implies that

P (W k|ω = 1) =
∏

w∈WK

P (w|ω = 1) (A.4)
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and
P (W k|ω = 0) =

∏
w∈WK

P (w|ω = 0) (A.5)

Estimation of Each Word’s Conditional Probability

For the estimation of P (w|ω), if we have a large enough sample we can use

a · ˆP (w|ω) = P (ω|w) = |{j : j ∈ J, w ∈ W k(j), ω(j) = ω}|
|{j : j ∈ J, w ∈ W k(j)}|

(A.6)

where a ≡ P (w)
P (ω)

is assumed to be a constant and cancels out in the division of A.3.
In practice, however, even large samples frequently yield zeros inA6.4. Given equa-

tions A6.3a and A6.3b, we would then get zeros for the entire job title regardless of the
other words in the title. To avoid this problem, we use a weighted average of ˆP (w|ω)

and a constant number close to one as our estimate of P (w|ω). The formula is

˜P (w|ω) = |{j : j ∈ J, w ∈ W k(j)}|
|{j : j ∈ J, w ∈ W k(j)}|+ C

=
C

|{j : j ∈ J, w ∈ W k(j)}|+ C
· C − 1

C
(A.7)

Furthermore, notice it is particularly important to adjust the ˆP (w|ω)’s when the total
number of |{j : j ∈ J, w ∈ W k(j)}| is small. That is, we do not want to have a lin-
ear adjustment. Instead, we want to pull ˆP (w|ω) towards C−1

C
more strongly the less

frequently a word appears in job titles.
In the literature, the recommended value of C is |W |. For maleness,

1
|W |

∑
w∈W

ˆP (w|ω) ≈ 0.212, 1
|W | =

1
5954

= 0.00017. If we were to use |W | as C, ˜P (w|ω)

would be substantially higher than ˜P (w|ω) for most words. Therefore, to keep the
distortion to a minimum, we choose C to be the average number of |{j : j ∈ J, w ∈

W k(j)}| ≈ 15.04. Combining (A.4) and (A.5), we can get ˜P (w|ω) as presented in (A.7).

225



Appendix for "Gender-Targeted Job Ads in the Recruitment Process: Facts from a Chinese Job
Board" Chapter A

To sum up, our estimator for the implicit maleness of a job title k is

ˆP (ω = 1|WK) =
1

1 + ef(ω=1|WK)
(A.8)

where
f(ω = 1|WK) =

∑
w∈Wk

{ln[1− ˜P (w|ω = 1)]− ln ˜P (w|ω = 1)} (A.9)

˜P (w|ω = 1)
|{j : j ∈ J, w ∈ W k(j), ω(j) = ω}|+ C − 1

|{j : j ∈ J, w ∈ W k(j)}|+ C
(A.10)

where C = 1
|W |

∑
w∈W |{j : j ∈ J, w ∈ W k(j)}|.

A.6.3 Final remarks

This note has described our machine-learning approach to estimating the likeli-
hood that a job title will explicitly request men (or women) based on the words con-
tained in the title. Notably, the purpose of our approach differs from the usual appli-
cation of document classification algorithms, which in this case would be to produce
the best possible forecast of the gender label an employer will attach to a job from all
the data available to us. Instead we seek to model the perceptions of individual job-
seekers who have less information than us, and who face time constraints and limited
cognitive capacity. Thus we have adopted a relatively simple approach with a naïve
prior, and abstained from elements that would be considered in an industrial textual
analysis setting, such as a more detailed tokenization of words, dropping less frequent
words, or using a term frequency-inverse document frequency (TF-IDF) approach to
identify the more informative words in each job title.
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A.7 Gender Misclassification

Miscoding of the requested gender is not a concern for our application analysis,
since our data are the exact record of requested gender that workers observe on the
job board when deciding where to apply. Miscoding of the requested gender could
account for the relatively high success rates of gender-mismatched applicants if em-
ployers sometimes specify a gender requirement without intending to. If so, adver-
tised gender requirements would be de facto rather soft. We view this as a possible
interpretation of the relatively weak mismatch penalty in callbacks in our data.

Another possibility is that workersmiscode their own genderwhen using the drop-
down menu in the application process. The very high compliance rates we observe
suggest that this is not a major concern. Nevertheless, we checked to see if miscoded
applicant gender could account for the relatively weak enforcement in our data by re-
running the main analysis on a restricted subsample for whom we are confident we
have the right gender.9

To construct this sample, we first use the universe of applications, with no restric-
tions, to calculate the share of applications each CV in the sample sends to jobs which
request the opposite gender. We then drop all the CVs in our sample for whom this
share is 0.5 or higher. We also drop all CVswho submit fewer than 5 applications in the
unrestricted data, because we may not have enough observations on them to reliably
assess their application behavior. These restrictions only drop approximately 15,000
applications, leaving a sample size of 213,719.

We then re-run the application-level regressions from Table 1.4, and the results are
9Note that miscoded applicant gender cannot explain weak enforcement if firms use resume-

processing software to pre-screen resumes based on coded gender: such screens would eliminate both
actual and false gender mismatches from consideration, generating a high level of measured enforce-
ment. Miscoded applicant gender can only explain low compliance if employers can see that some ap-
parently mismatched applicants are in fact of the requested gender (for example from the photo, name
or other features of the resume.
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very similar to those presented in themain analysis, which gives us confidence that the
results are not being driven by misreported gender. They are reported in Table A.17.
Results for other cutoffs are not materially different.
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Table A.17: Effects of Job Labels (F, N andM) on Callback Rates for Gender Misclassi-
fication Robust Sub-Sample
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A.8 Implications for Gender Segregation

A.8.1 Background

The goal of this Appendix is to illustrate the mechanisms via which a gendered-ad
ban might affect labor market segregation, and to assess the implications of our find-
ings for the size of those effects. Our approach is based on the idea that prohibiting
explicit gender requests removes a piece of information that directs workers’ applica-
tions away from jobs requesting the other gender; thus a gendered-ad ban will result
in more gender-mismatched applications.10 The effects of a gendered ad ban therefore
depend on (a) the number of applications that are redirected, and (b) how those redi-
rected applications are treated by employers. We calculate (a) using our regression
estimates of female applicant shares (α) from column 6 of Table 1.3, and – in our base-
line calculations – we assume (b) is unchanged by a gendered ad ban. In other words,
if (for example) female applicants to explicitly male jobs were 44.5 percent as likely
to get a callback as men when gendered ads were allowed (θ = .445 in Table 1.1), we
assume those same jobs (which are no longer explicitly labeled as male) will continue
to call back women and men in the same proportion after such ads are banned.

We proceed in four stages. First, we estimate the total amount of gender segrega-
tion among successful applications, (i.e. among called-backworkers) at three different
levels: the job (i.e. the ad), the firm, and the occupation. Next, we decompose these
segregation measures into segregation within versus between the three job types de-
fined by the explicit labels (F, N and M), and assume that within-label segregation is
not affected by an ad ban: removing, say, the female label does not have any obvious ef-

10In all these exercises, we classify jobs according to their gender request before the ban. For sim-
plicity, our approach holds constant the total number of applications and callbacks made at every job;
only their gender composition is changed. Thus we abstract from any equilibrium changes in search
and recruiting intensity that might be caused by a ban.
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fects on howworkers will choose among the jobs that were formerly labeled as female.
Third, we simulate between-label post-ban segregation using the regression estimates
from Table 1.3. Adding this counterfactual between-label segregation to within-label
segregation gives us total segregation after a ban. Finally, we assess the robustness of
our calculations to changes in assumptions.

A.8.2 Measuring Segregation

To measure segregation, we use Duncan and Duncan (1955) segregation index,
applied to the set of successful applicants (i.e. callbacks) in a unit (job ad, firm, or
occupation). Duncan and Duncan’s index, S, is calculated as:

S =

∑
i Yi|δi −∆|

2∆(1−∆)
(A.11)

where δi is the female share of callbacks in unit i, ∆ is the female share in the popu-
lation, and Yi is unit i’s share of the callback population. Thus, S is the population-
weighted mean absolute deviation of the female share from its global mean, divided
by its maximum attainable value, 2∆(1−∆).11 Like our gender matching index, Dun-
can and Duncan (1955) S index varies between 0 and 1. It is widely used in studies of
residential segregation (Cutler et al., 1999; Logan et al., 2004). In our context, S gives
the share of men (or women) who would have to be reassigned to a different occupa-
tion, firm or job in order for men and women to be distributed identically across those
categories.12

11Equivalently, S can be calculated via the better known formula, S = 1
2

∑
j [

ϕi

Φ − µi

M ], where ϕi is the
share of callbacks in unit i that go to women, µi = 1 − ϕi is the share of callbacks in unit i that go to
men, and Φ and = 1− Φ are their population equivalents.

12This property is independent of which group is being re-allocated and of the relative size of the
two groups (Zoloth, 1976). Notably, however, the counterfactual reallocation of residents underlying
this interpretation does not preserve the total populations of the units.
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Because some of the units (especially jobs) used in our analysis are small, how-
ever, we need to adjust Duncan and Duncan’s measure for the effect of purely random
variation in where workers send their resumes and in which resumes are picked from
the application pool.13 To accomplish this, we extend the one-stage sample-shuffling
approach developed by Carrington and Troske (1997) to reflect the fact that the allo-
cation of workers to jobs is the outcome of two urn-ball processes: the allocation of
applicants to jobs, and the selection of successful applicants from applicant pools.

In more detail, Carrington and Troske (1997) estimated the amount of racial seg-
regation across Chicago workplaces we would expect if we took as given total em-
ployment at each workplace, and then imagined that the actual population at each
workplace was a random draw from a binomial distribution whose mean black share
was the population average. Simulating the Duncan-and-Duncan segregation index
over multiple replications, then taking the mean of the resulting indices gave them an
estimate of the amount of segregation we would see if workers were allocated to jobs
in a race-blind way. In our context, we take as given the total number of applications
and callbacks at every job ad. We then simulate the amount of segregation we would
expect if the gender mix of applications to each ad, and of callbacks to each ad was the
result of a random draw from binomial distributions with parameters derived from
the population mean levels of α and θ in Table 1.1. The idea is to hold fixed the total
number of applications men and women make, the number of applications arriving at
each job, and the total number of ‘interview slots’ (callbacks) available for each job.
With these ‘structural’ features of the labor market fixed, we then assume that workers
direct their applications randomly and that firms select candidates randomly. How
much gender segregation would we expect to see?

13This is especially important whenmeasuring segregation across individual job ads, whose callback
pools contain an average of 5.3 workers. To see the issue, note that if each ad calls back only one worker,
segregation will always be complete: every job’s callback pool will be entirely male or entirely female.
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To illustrate, recall that the overall mean of α, ᾱ = .541 and consider an ad that
received 80 applications and issued 5 callbacks. We first simulate the number of female
andmale applications to that ad (af and am) as a random draw of 80 applications from
a pool with population parameter .541, i.e. af ∼ B(n, p) = B(80, .541), am = 80 −

af , and B indicates the binomial distribution. Next, taking this randomly-generated
application pool as given (say, 51 women and 29 men), we simulate the number of
male and female callbacks (cf and cm) as a random draw of 5 callbacks from a pool
with population parameter given by:

pc =
θ̄af

θ̄af + am
(A.12)

where θ̄ = .866 is the overall mean of women’s relative callback risk. Thus, cf ∼

B(n, p) = B(5, pc); cm = 5 − cf . Doing this for every job, then calculating the real-
ized segregation index, S, completes a single iteration.

Figure A.5 plots the distribution of realized S values from 1000 iterations in this
baseline scenariowhere there is no systematic variation across jobs in either application
or callback behavior. It shows a surprisingly concentrated distribution with a mean of
.317 and all values falling between .30 and .34. Thus, while random matching can
generate a high level of measured segregation, the amount of segregation it generates
is tightly constrained by the distribution of applicant pool sizes and callback pool sizes
and the overall share of men and women in the population.
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Figure A.5: Simulated Segregation Indices with RandomAllocation of Applications to
Jobs, and Random Selection of Callbacks from All Applicant Pools

Finally, to remove the effects of this randomness, we follow Carrington-Troske by
defining a noise-adjusted segregation measure, S̃, as:

S̃ =
S − S0

1− S0

(A.13)

where S is the unadjusted segregation index from equation (A8.1) and S0 = .317 is the
mean level of segregation expected from noise in matching. Since S = .732, the noise-
adjusted index of gender segregation across jobs in our data is given by S̃ = .732−.31

1−.317
=

.607.
Unadjusted (S) and noise-adjusted (S̃) Duncan segregation indices across jobs,

firms and occupations are shown in columns 1 and 2 of Table A.18. Interestingly, noise-
adjusted segregation across jobs equals .607, which essentially coincides with Cutler
et al. (1999) threshold of 0.6 for defining a U.S city as having a residential ghetto. Ad-
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justed segregation across other units is lower (at .394 and .385 for firms and occupa-
tions respectively), and – as expected – adjusting for randommatching has the greatest
impact in the smallest units (jobs).

A.8.3 Decomposing Segregation

Webegin by noting that a substantial amount of the gender segregation among suc-
cessful applicants occurswithin groups of jobs that have a specific gender label (F, N or
M) attached to them; this component of gender segregation is unlikely to be impacted
by banning the labels. To calculate it, we first calculate total (unadjusted) between-
label segregation SB by simulating the amount of segregation that would exist if each
of the three explicit job types had its own α and its own θ (given by the raw means in
the data), but all remaining allocation of workers to jobs and callbacks to workers was
random. Adjusting this for noise yields the noise-unadjusted amount of between-label
segregation:

S̃B =
SB − S0

1− S0

(A.14)

The amount of within-label segregation is then given by subtraction:

S̃W = S̃ − S̃B (A.15)

As reported in columns 3 and 4 of Table A.18, noise-adjusted between- and within-
label gender segregation across jobs equal .360 and .247 respectively; thus almost 60
percent of overall segregation (.607) is between groups of jobs defined by their explicit
gender requests. In the remainder of this Appendix we compute the predicted effects
of a gendered ad ban on between-label segregation using our regression estimates.
Assuming that within-label segregation is not affected by an ad ban, we then compute
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the percentage decline in overall segregation that would be caused by a ban under a
variety of assumptions.
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A.8.4 Baseline Effects of a Gendered-Ad Ban

To estimate between-label segregation after a ban, we proceed in two stages. First,
in Table A.19 we use the regression coefficients from column 6 of Table 1.3 to estimate
the female applicant shares to F, N and M jobs that we would expect to see after a ban:
these reflect only the differences in α across job types that are not caused by the ban.
(Men and women will continue to apply to typically-male and -female jobs even after
a ban, just not to the same extent as before.) Second, we use these applicant shares to
simulate between-label segregation after a ban, assuming – in our baseline scenario –
that the additional applications to gender-mismatched jobs continue to be treated the
same by employers (i.e. encounter the same θs) as they were before the ban. We then
add this counterfactual between-label segregation to within-label segregation to get
our baseline estimate of segregation after a ban.

Female applicant shares after a ban

When gendered ads are permitted (the situation for which we have data), the fe-
male shares of applications to F,N andM jobs are .926, .447 and .079 respectively. These
shares, from row 2 in Table 1.1, are reproduced in row 1 of Table A.19. According to
our estimates, how are these shares likely to change when gendered ads are banned?
To estimate this, we partition the raw compliance effects (.479 = .926 - .447 and -.368 =
.079 - .447) into two components: a causal effect of the explicit gender requests (given
by column 6 of Table 1.3: .246 and -.146 respectively) and their complement (the non-
causal components: .233 and -.222 respectively). Since banning gendered ads removes
only the causal component of gendered ads – the part that directs workers’ applica-
tions – we then calculate a counterfactual set of α’s that reflects only the non-causal
component, reported in row 5 of Table A.19. Notice that even when gendered ads are
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prohibited, our estimates imply that women will still disproportionately apply to the
(often stereotypically female) jobs that formerly requestedwomen, just less dispropor-
tionately than before the ban.

Between-label and overall segregation after a ban

Given that a gendered ad ban will increase the number of applications to (for-
merly) gender-mismatched jobs (Row 5 of Table A.19 is less differentiated than row
1), the effects of a gendered ad ban on gender segregation depends on how those new,
mismatched applications are treated by employers. While it is conceivable that these
applications could be treated either more or less harshly than mismatched applica-
tions before the ban, in our baseline calculations we suppose they are treated in the
same way. In other words, we shall assume that the relative callback rates of men and
women in F, N and M jobs (the θs) are just given by the sample means in our data,
shown in row 5 of Table 1.1.

Using this assumption, we now simulate between-label segregation after a ban us-
ing the applicant shares in row 5 of Table A.19 to. For job segregation this equals .190,
as reported in column 5 of Table A.18. We then add this post-ban between-label seg-
regation to within-label segregation to get our baseline estimate of segregation after a
ban, reported in column 6 of Table A.18. According to those estimates, a gendered ad
ban is predicted to reduce gender segregation across jobs, firms and occupations by
27.9, 27.3 and 18.9 percent respectively in this baseline case.
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Table A.19: Actual and Counterfactual Female Share of Applications (α)

Notes:

1. Row 1 is from row 2 of Table 1.1; row 3 is from column 6 of Table 1.3.

2. The raw compliance effect of row 2 is calculated as the difference between column 1 and
2 of row 1 for female jobs and column 3 and 2 of row 1 for male jobs.

3. Row 4 is calculated as the difference between row 2 and 3.

4. The female applicant shares in row 5 are calculated to reflect the non-causal female-share
differences between job types in row 4 (for example, .734 - .501 = .233), while preserving
the grand mean of α across all ads (.541).

While these declines are substantial, we note that the magnitude of these declines
is constrained by two key features of our simulations: (a) we do not expect an ad ban
to change the amount of within-label segregation; and (b) our Table 1.3 regressions
indicate that many workers will continue to disproportionately apply to jobs that for-
merly requested their gender even after a ban, most likely because they have tastes and
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training that attach them to those types of work. Indeed, gender-specific training may
help to explain why ad bans have a larger predicted effect at the job title and firm level
than the occupation level: It may be easier to re-allocate one’s application to a different
firm or different detailed job title in response to the removal of explicit gender requests
than to change one’s occupation.14 This finding is also consistent with our result (in
Section 3.2) that gender labels affect application behavior most strongly in jobs which
are not clearly gender-stereotyped – it is in these low-Fp and low-Mp jobs where we
expect the desegregating effects of an ad ban to be the greatest.

A.8.5 Sensitivity and Caveats

Is it realistic to assume that the callback penalties faced by gender-mismatched ap-
plicants will be unaffected by a gendered ad ban? To explore this issue, we now com-
ment on why a ban might cause mismatched applicants to be treated either more or
less harshly, and estimate the effects of a gendered ad ban under some alternative as-
sumptions. The specific cases we examine are summarized in Table A.20: a 50 percent
increase in both men’s and women’s mismatch penalties after the ban, and an elimina-
tion of callback penalties after the ban.

14Mechanically, gender differences in occupation-specific training affect our simulation results via
two channels: First, compared to job segregation, a larger share of occupational segregation is within
the F, N, and M labels, and therefore not affected by a ban. In particular, the majority of jobs that are
not explicitly gendered (N jobs) are highly gender segregated by occupation, and this segregation is
unlikely to be changed by removing gender requests. Second, again compared to job segregation, a
smaller share of between-label occupational segregation is caused by the labels.
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Table A.20: Alternative Assumptions about relative callback rates (θ) after a gendered-
ad ban

Notes:

Row 2 of the Table multiplies the mismatch penalties implied by rows 3 and 4 of Table 1.1

by 1.5, then calculates the resulting θs as the ratios of the new callback rates.

Increased differentials in θ across job types.

Suppose that in the presence of explicitly gendered job ads, only very highly qual-
ified workers applied to gender-mismatched jobs. If this was the case, banning gen-
dered ads could create a new batch of gender-mismatched applications that are less
qualified than before. In this case, we would expect mismatched applications to be
treated, on average, more harshly after a ban than before. To explore the implications
of this effect, Panel B of Table A.21 replicates Table A.18 for the case where both men’s
and women’s mismatch penalties are 50% larger in magnitude after the ban (row 2
of Table A.20). We find that a gendered ad ban still reduces gender segregation (be-
cause it redirects applicants to gender-atypical jobs), but the predicted decline (rang-
ing from 13 to 22 percent) is considerably more modest because those applications are
now treatedmore harshly than before. We do not think this scenario is likely, however,
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because it is inconsistent with our regression results for callbacks, which find negative
self-selection into gender-mismatched jobs when the labels are visible to applicants.

Table A.21: Simulated Effects of a Gendered Ad Ban under alternative assumptions
about the effects of a ban on θ

Diminished differentials in θ across job types

There are at least two reasons why a gendered-ad ban might cause gender-
mismatched applicants to jobs that were formerly explicitly gendered to be treated
less harshly than before. One is the possibility that these new applicants are more
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positively selected than before (because before the ban, mismatched applicants were
negatively selected). Second, a gendered-ad ban could signal to employers that pub-
lic policy has become less tolerant of gender discrimination in the applicant selection
process as well as the advertising process. To explore this scenario, panel C of Table
A.21 explores the extreme case where a gendered ad ban eliminates gender mismatch
penalties for both men and women (row 3 of Table A.20). Here the predicted declines
in segregation are larger than in the baseline case, but not dramatically so, ranging from
26 to 35 percent. This modest effect of completely eliminating gender discrimination in
employers’ callback decisions process underscores the dominant role of workers’ self-
selection decisions in accounting for gender-matching in labor markets, already noted
in our discussion of the aggregate statistics.

In sum, even large changes to our assumptions about post-ban call-back rates have
only modest effects on the ban’s predicted effects on segregation. This is because (a)
within-label segregation is not directly affected by a ban, (b) only about 60 percent of
between-label segregation is caused by explicit gender requests, and (c)gender differ-
entials in callback rates have small effects on outcomeswhen applicant pools are highly
segregated (as they are in our simulations, even after a ban).

Some important caveats regarding the above calculations is that they do not in-
corporate steps employers might take to circumvent a gendered ad ban, nor do they
incorporate longer-term changes in workers’ human capital investment decisions that
might be caused by a ban. For example, employers might respond to a ban communi-
cating the information formerly conveyed in explicit gender requests via other signals,
including code words.15 If such responses are common and effective, a gendered ad

15Some job boards have also responded to ad bans by making it easier for recruiters filter resumes
by gender, both within the applicant pool and when a recruiter is searching through resumes posted
on the site. Note that, because workers will no longer know whether firms are engaged in this filtering,
these tools will raise search frictions for workers compared to a labor market that allows gendered ads.
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ban might reduce job segregation by much less than our baseline estimate of 28 per-
cent. On the other hand, if a ban signals to workers that investments in gender-atypical
skills aremore likely to be rewarded, its longer-run effectsmight be considerably larger
than our estimates. For example, a ban might induce more men to train as nurses and
more women to train as electricians.

Finally, we remind the reader that these predicted effects on gender segregation
come at the cost of increased labor market frictions: because a ban directs a substantial
number of workers’ applications into jobs that formerly requested the other gender
–where by assumption they have a smaller chance of getting a callback– fewer total
callbacks will result from the same total number of applications. Stepping outside our
simulations, after a ban, bothmen andwomenmight need to submitmore applications,
search longer, or reduce their reservation wages to find an acceptable job.
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Appendix for "Should I Show or

Should I Hide – When Do Jobseekers

Reveal Their Wages?"

B.1 Model

We present the model in four stages below. First, we describe the three-stage struc-
ture of the model, then we solve Stage 3 of the model (employers’ offer decisions) for
the case where all workers must disclose their wages. Third, we solve Stage 3 when
some workers choose not to disclose their wages. Finally, we characterize workers’
wage disclosure decisions in Stage 1.

B.1.1 Model Structure

In the model, the worker’s current wage is the only indicator of a worker’s qual-
ity, with a higher wage representing a higher level of productivity or ability. Worker i
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(i = 1, 2, . . . , N) knows his current wage wi, which remains private unless disclosed. If
theworker discloses, he has no choice but to be truthful. Eachworker applies to exactly
K jobs, which are randomly drawn from jobs posting a higher wage than his current
wage. This assumption has two noteworthy consequences. First, the worker’s search is
directed in the sense that no workers apply to jobs paying less than the worker’s current
wage. This means that workers’ application decisions are informative to firms. Sec-
ond, this is the only sense in which workers’ search is directed: workers are randomly
matched to jobs paying more than their reservation wage. This allows us to think of
jobs within that set as being randomly assigned to workers: Workers will learn the set
of jobs they’ve been assigned to and make their disclosure decisions based on that set.
Thus, whether aworker applies ’conservatively’ or ’aggressively’ is randomly assigned
to the worker in the model.

There are M employers (firms), and each of them posts one job position (so there
are M jobs in total). Labor is the only resource used in production, and higher-wage
workers are more productive, implying that the production function S(w) increases
with w. Firms are differentiated in terms of production functions, S1, S2, . . . , SM , and
higher indexed firms are more efficient in the sense that they can producemore output
from workers with the same wage (S1(w) < . . . < SM(w), for any w). Employers re-
ceive job applications fromworkers, andmake take-it-or-leave-it wage offers to some of
their applicants. More specifically, employer j commits to awage offer function,Oj(w),
which assigns awage offer to every potential applicant according to their currentwage.
Higher-wage workers achieve wage offers (O′(w) > 0), and more efficient firms make
higher wage offers to workers with the same current wage (O1(w) < . . . < OM(w), for
all w). Firm j’s profits from worker with wage w (Rj(w)) are given by the difference
between the worker’s output and his wage: Rj(w) = Sj(w) − Oj(w). Importantly, we
assume that the offer functionOj(w) shares the surplus from the employment relation-
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ship between workers and firms: Both profits and wage offers rise with the worker’s
quality, so firms are better off hiring abler workers and workers prefer to be hired by
more productive firms.1

Knowledge about the labor market is distributed as follows. First, the workers’
current wage distribution is public information, and (because of random matching)
employers know the distribution from which the current wages of their applicants are
drawn. Second, the distribution of firms’ productivities is known to both employers
and job seekers, and workers can recognize firms that are better (more efficient and
can pay more) than their current employers. Third, employers know that each worker
applies to K jobs, but they do not know the wages of the other jobs their applicants
have applied to. Finally, every employer computes its own expectation concerning the
non-disclosing applicants it has received, and each worker knows his expected wages
from all K employers he has been assigned to.

Workers, firms and nature move in the following order:
In Stage 1, a worker decides either to disclose or withhold his wage (Di = 1 if

worker i discloses). If the worker voluntarily discloses his current wage, his wage
information is available to all the K employers in his application set (i.e. who have
received his resume).

In Stage 2, nature randomly assigns eachworker toK jobs, all of which offer awage
that (weakly) exceeds the worker’s current wage.

In Stage 3, after receiving the above applications, employers make job offers to
1Empirically, of course, we only see whether a worker is marked as a recruiting target, not whether

she receives a job offer, but since only 4.8 percent of applicants are marked as targets this seems like
a reasonable approximation. A potentially less attractive (but not unusual) feature of this modeling
strategy is that we assume all workers –including concealers– are offered the wage the firm has assigned
to their type. Thus, firms who discover that a concealer had a lower wage than they expected may not
revoke their wage offer.
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workers by maximizing profits, given by:

Π(P|W, D) = θ1R(w1)P1 + θ2R(w2)P2 + ...+ θnR(wn)Pn − c
n∑

i=1

Pi (B.1)

where the subscript i indexes applicants in order of wages from high to low (w1 is
the highest wage). The wage of non-disclosers is equal to WE . The offer decision is
denoted by P(P1, P2, . . . , Pn) where each element is binary, and Pi = 1 if the employer
makes an offer to applicant i. Since employers need to pay a contact cost c for each offer
that is issued, the expected return to making an offer to a worker depends on the profit
R that the worker can generate, as well as the chance that the worker accepts the offer
θ. For instance, if employer j has receivedmj job applications, the employer’s expected
return conditional on applicants’ wages W(w1, w2, . . . , wmj

) and their wage revealing
decisions D(D1, D2, . . . , Dmj

) can be written as:

EΠj(P|W, D) =

mj∑
i=1

Eθji (S
j(wi)−Oj(wi))P

j
i − P j

i cj. (B.2)

Employer j can make multiple callbacks, and makes an offer to the ith applicant
(P j

i = 1) as long as the expected return fromapplicant i,Rj(wi)θ
j
i outweighs the contact

cost, cj .
In Stage 4, workers decide to accept or reject the offers they have received. Here we

simply assume a worker can take only one job, so the worker’s utility is given by the
highest wage offer he has received.

Worker i’s utility, as a function of his wage and disclosure decision, and of the out-
comes of his K job applications can be written as follows:

Ui(Di, θi|wi,P) = max{θ1iP 1
i O

1
i , θ

2
iP

2
i O

2
i , . . . , θ

K
i PK

i OK
i } (B.3)
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where θji = 1 if worker i decides to accept the offer from job j, and all the other θs are
0 (θki = 0, k = 1, . . . , K, k ̸= j).

B.1.2 Solving Stage 3 When All Wages are Revealed

To compute the chances that worker i accepts an offer from firm j, we begin with
the observation that worker i accepts j’s offer only if employer j proposes the highest
wage among all the employers whomake offers to i. Thus, by definition, firms that are
better than firm j do not extend offers to worker i, and the expected probability that a
worker with wage w will accept the offer from job j is:

Eθj|w = Prob(θj = 1) = Prob(max{P 1O1(w), . . . , PMOM(w)} ≤ Oj|w)

= Prob(P j+1 = 0, P j+2 = 0, . . . , PM = 0|w)
(B.4)
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using Bayes’ Theorem,

Eθj|w = Prob(P j+1 = 0|P j+2 = 0, . . . , PM = 0|w) · Prob(P j+2 = 0, P j+3 = 0, . . . ,

PM = 0|w)

= Prob(P j+1 = 0|P j+2 = 0, . . . , PM = 0|w) · Eθj+1|w

= Prob(P j+1 = 0|P j+2 = 0, . . . |w) · Prob(P j+2 = 0|P j+3 = 0, . . . |w)

· Prob(P j+3 = 0, . . . |w)

= . . .

= Prob(P j+1 = 0|P j+2 = 0, . . . |w) · Prob(P j+2 = 0|P j+3 = 0, . . . |w)·

Prob(P j+3 = 0|P j+4 = 0, . . . |w) · . . . P rob(PM−1 = 0|PM = 0|w) · Prob(PM = 0)

=

m−j∏
d=1

Prob(P j+d = 0|P j+d+1 = 0, P j+d+2 = 0, . . . , PM = 0|w)

= qj+1 · qj+2 · . . . · qM

(B.5)
For an arbitrary firm j+d, if better firms (j+d+1, . . . ,M) donotmake offers to aworker,
the probability that the firm j+d also rejects the worker monotonically decreases with
the worker’s wage w (each term in the product, qj+d, is a monotonically decreasing
function of w). Then we can easily see that

dEθj|w
dw

=
dqj+1 · qj+2 · . . . · qM

dw

=

m−j∑
d=1

dqj+d

dw
qj+1 . . . qj+d−1 . . . qj+d+1 . . . qM < 0

(B.6)

Eθ falls with the applicant’s current wage w (except for the best firm, PM). The intu-
ition is that a high applicant wage intensifies the competition among employers. This
leads to a lower probability that the applicant will accept an offer from each employer,
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since there is a large chance that the high-wage worker has received better offers.2

Moreover, for any given wage level, Eθj < Eθj+1 as workers always want to accept
higher offers (offers from better firms). The expected return to employer j from offer-
ing a job to applicant with wage w can then be written as

EθjRj|w = Prob(P j+1 = 0, P j+2 = 0, . . . , PM = 0|w)Rj(w). (B.7)

The second component of equation (B.7) is the net revenues produced by an appli-
cant with current wage w, which are increasing with the wage. The first term is the
probability that applicant with wage w accepts firm j’s the offer, which reflects the
competition among employers and decreases with the wage. Taking these two points
together, the probability a worker accepts an offer reflects the degree of match between
the worker’s productivity and the firm’s productivity. This property leads to a form of
positive assortative matching between workers and firms.

Figure B.1 illustrates how the expected return to making an offer changes with
the worker’s current wage for all employers except the most productive one.3 When
w ≤ w∗, under regular conditions, EθR increases with the worker’s wage w because
higher-wageworkers producemore (R(w)). We call this the productivity-dominant case.
However, when the applicant’s current wage is too high (i.e. w > w∗), the applicant
likely has offers from better firms that can offer higher wages. In this outside option-
dominant case, the decrease in the probability the applicant accepts outweighs the in-
crease in worker productivity and pulls down the firm’s expected return from contact-

2Cahuc et al. (2006) find that between-firm competition matters a lot in the determination of wages
for the on-the-job searchers.

3For the best employer M , the expected return is monotonically increasing with the worker’s wage
w.
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ing this worker.4

Figure B.1: Expected Return of Making an Offer to Workers with Different Wages

With the expected profit function in hand, we can now describe the profit-
maximizing offer policy when the employer knows the current wages of all its applicants:
Employer j will make an offer to a worker when the expected return exceeds the con-
tact cost, cj . According to Figure B.1, low-wage workers do not get offers because of
their low productivity, whereas high-wage workers may be rejected due to their low
chance of accepting an offer. Workers in a middle range of productivities will receive

4The expected return to employer j from offering a job to applicant with wage w is EθjRj |w, and

dEθjRj |w
dw

=
dEθj

dw
Rj +

dRj

dw
Eθj (B.8)

, which can be zero given dEθj

dw < 0 and dRj

dw > 0 (to define a unique w∗). The second order condition

d2EθjRj |w
d2w

=
dEθj

dw

dRj

dw
+

d2Eθj

d2w
Rj +

d2Rj

d2w
Eθj +

dRj

dw

dEθj

dw
(B.9)

can be negative under the sufficient conditions such that the marginal effect of wage on worker’s offer
acceptance probability is constant or diminishing (i.e., d2Eθj

d2w ≤ 0) and the marginal return on hiring
abler worker is constant or decreasing (i.e.,d2Rj

d2w ≤ 0). In this case, EθjRj |w is a concave function of w,
as shown in Figure B.1.
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offers.

B.1.3 Solving Stage 3 When Some Wages are Concealed

To complete our description of an employer’s optimal offer policy, we now need to
specify how employers treat workers who have not disclosed their current wages. For
simplicity, we assume that firm j assigns an expectedwage,W j

E to all its non-disclosing
workers, and that these expected wages satisfy the following properties:
Rule 1: Ordering of WE,W

1
E < W 2

E < . . . < WM
E . Looking across firms, high-

productivity firms are more optimistic about the current wages of their applicants.
More specifically, the expected wages of non-disclosing applicants have the same or-
dering across workers as the corresponding employers’ quality.5 This ordering seems
plausible given the assortative matching result described above.
Rule 2: The expected wage of non-disclosing applicants is not higher than the
expected-return-maximizing wage, i.e. WE ≤ w∗. Put another way, WE always falls
in the productivity-dominant area. Since non-disclosing workers are choosing to hide
their wages, it seems reasonable to assume that their wages are lower than the wage of
the applicant that maximizes the firm’s profits.6

B.1.4 Workers’ Optimal Disclosure Decisions in Stage 1

If the worker applies for multiple jobs (K > 1), the computation of worker’s ex-
pected utility becomes more complicated because every employer will organize the

5For example, in one ordering that satisfies this property, all the workers apply to the best job, and
the very top workers who only target the best firm will not apply to the second best firm, so the quality
of the applicants for the second best firm is lower than the best firm, and this repeats to the lowest
employer.

6For the best firm, w∗
M is the highest wage of the applicants as θ is 1 and RM (w) increases with w,

and the non-disclosed wages have to be lower than w∗
M . The second best firm has the same situation

in which w∗
M−1 is the second highest wage of applicant and above the average wage of the applicants

applying for the second best job. It continues until to the last employer.
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expected wage of its non-disclosing applicants, leading to the other driver of the in-
complete unraveling: When a non-disclosing worker is thought of having different
wages in the perspective of different employers, hemay facewith the trade-off between
disclosing wage to win a moderate callback and concealing wage to gamble for a call-
back from a superior firm.7 The heterogeneity of the expected wages across employers
motivates workers to manipulate their wage disclosure options when they apply for
multiple jobs.

Figure B.2: Expected Offer Probability in Application Set

Next we turn to the wage disclosure decision of an individual worker. Suppose a
workerwithwagew has appliedK jobs, and Figure B.2 demonstrates the expected call-
back probabilities of jobs in his application set (K = 4). Curves posit at higher wage
levels represent more efficient employers, which attract better applicants with higher

7In the case of K = 1 where workers apply for only one job, the competition among employers
would disappear given employers know workers’ entire application set, EθR therefore monotonically
increases withwage (no outside-option dominated area), leading to the unraveling result (and a sorting
model such that the ith best worker matches the ith best firm).
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proposed wages and infer higher expected wages for the non-disclosing applicants. A
worker’s wage disclosure strategy depends on a comparison of the expected proposed
wage from being evaluated by his actual wage, UD, and that from being thought of
holding the expected wage of each job, UC . If UD ≥ UC , the worker will choose to
disclose his wage, otherwise he withholds.

UD = max{P 1(w)O1(w), . . . , P V (w)OV (w), . . . , P T (w)OT (w), . . . , PK(w)OK(w)}

(B.10)

UC = max{P 1(W 1
E)O

1(W 1
E), . . . , P

V (W V
E )OV (W V

E ), . . . , P T (W T
E )O

T (W T
E ),

. . . , PK(WK
E )OK(WK

E )}
(B.11)

Because employers infer the concealing applicants having the same wage WE , UC

is constant for workers who have applied to the same jobs. However, the value of UD

depends on the worker’s actual wage level, where each element can be decomposed
into callback probability P and proposed wage O. As noted above, proposed wage
O is increasing with respect to wage w, and for any wage level, we have O1(W ) <

O2(W ) < . . . < OK(w). A high wage increases the callback chance when the wage is
in the productivity-dominant area, but has the opposite effect in the outside option-
dominant area. To capture different trends of callback probabilities, we denote the
best job in which the worker’s wage w is in the outside option-dominant area as job V

(i.e. V = 2 in Figure B.2), and w is in the productivity-dominant areas for jobs j > V .
Moreover, we define job T as the best job having the expected wage that is lower than
the worker’s wage w, (W 1

E < W 2
E < . . . < W T

E < W < W T+1
E < . . .WK

E ) (i.e. T = 3 in
Figure B.2). Since the expected wages are always in the productivity-dominant areas,
w must be higher than the expected wages of the first V jobs, thus we have V ≤ T .
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For job 1 to job V , O1(w) < O2(w) < . . . < OV (w), and P 1(w) < P 2(w) < . . . <

P V (w) as w falls in the outside option-dominant areas for all of the V jobs. Thus
UD
(1,V ) ≡ max{P 1(w)O1(w), . . . , P V (w)OV (w)} = P V (w)OV (w). While the actual wage

w is higher than all the expected wages in this range, we cannot tell whether disclosing
wage has a higher expected value than concealing due to the insufficient information
on P (WE).

Job V +1 to job T is the set where the wage w is higher than all expected wages and
falls in the productivity-dominant areas; in other words, both the expected callback
probabilities and the proposed wages increase with wage. But it is not clear which job
has the maximized expected value, as P j(w) > P j+1(w) and Oj(w) < Oj+1(w). In this
range, disclosing is a dominant strategy: For every job j (V+1 ≤ j ≤ T), asW j

E < w, we
have P j(W j

E) < P j(w) and Oj(W j
E) < Oj(w), so P j(W j

E)O
j(W j

E) < P j(w)Oj(w), imply-
ing that the expected value of disclosing is always higher than concealing, UD

(V+1,T ) >

UC
(V+1,T ).
For job T + 1 to job K, the wage w is in the productivity-dominant areas and is

below all the expected wages. Similar to the second case, better jobs can propose a
higher payment, Oj(w) < Oj+1(w), but the probability of callback reduces with the
increase of the firms’ quality P j(w) > P j+1(w), so we do not know which job has the
highest expected value. However, opposite to the second case, concealing is the best
response as it increases both the proposed wage and the chance of getting a callback:
For every job j (T+1 ≤ j ≤ K), givenW j

E > w, P j(W j
E) > P j(w) andOj(W j

E) > Oj(w),
so P j(W j

E)O
j(W j

E) > P j(w)Oj(w), implying that the expected value of concealing is
always higher than disclosing, UD

(T+1,K) < UC
(T+1,K).

We can obtain a simplified expression for the expected utility of disclosing:

UD = UD
(v,T ) = max{P V (w)OV (w), . . . , P T (w)OT (w)} (B.12)
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Figure B.3: Values of Disclosing and Concealing

Figure B.3a: Concealing Has a Higher Utility

Figure B.3b: Disclosing Has a Higher Utility

258



Appendix for "Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages?"
Chapter B

Figure B.3 shows an example of how the highest value of two options evolves with
respect to the firm’s quality index j. The expected utility of disclosing UD stems from
jobs where the worker is better than the expected wage, but not over-qualified (in the
outside option range). If UD is higher than the expected value of hiding wage UC , the
worker will choose to disclose his current wage. Put in another way, the more jobs in
the range of (V, T ), the more likely the worker will disclose his wage. We can see this
point from two extreme cases:
Case 1: T = V = 0, always concealer. When the worker’s wage is lower than the small-
est expected wage of jobs in his application set, w < W 1

E < . . . < WK
E , he is an always

concealer. For every job, O(WE) > O(w) due to the monotonicity of proposed wage,
and P (WE) > P (w) because w < WE and WE is in the productivity-dominant area.
Thus each element in UC will dominant the corresponding one in UD, so concealing
current wages is the best strategy for workers in this situation.
Case 2: V = 0, T = K, always discloser. When the worker’s wage is higher than the
largest expected wage and in the productivity-dominant areas in all the jobs in his ap-
plication set, W 1

E < . . . < WK
E < w, he is an always discloser. For every job, disclosing

wage leads to a higher callback probabilityP (WE) < P (w) aswell as a higher proposed
wage O(WE) < O(w), then the worker will always disclose his wage information.

Wage disclosure can be driven by either a lower V or a higher T . As mentioned
above, V is the number of jobs that the worker’s wage is in their outside option-
dominant areas, and a small V indicates that there are few jobs that the worker is very
overqualified in his application set. T is the number of jobs with expected wages lower
than the worker’s actual wage, and a large T implies that the worker has a relatively
higher wage than the workers applied the same jobs as him. To conclude, given the
same application set, compared to the low-wage workers whose wages are lower than
the expectations of more jobs, high-wage workers (with higher T) are more likely to
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disclose their current wages to signal their better-than-expected productivity.8

B.2 Descriptive Statistics

8In addition, workers who apply more aggressively (with small V ), are more likely to disclose their
current wages.
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Table B.1: Descriptive Statistics: Applicant Sample 

 
 

(1) 

Disclose 

(2) 

Conceal 

(3) 

All 

 Disclose Current Wage  1.000 0.000 0.400 

 Current Wage (annual, in 10,000 RMB) 15.63 19.08 17.70 

 Demographics     

     Male 0.671 0.610 0.634 

     Age  31.02 32.29 31.78 

     Single 0.170 0.154 0.161 

 Married 0.164 0.233 0.206 

     Confidential Marital Status 0.665 0.612 0.634 

 Employment Status    

     Employed, intensively search 0.145 0.164 0.156 

     Employed, moderately search 0.550 0.568 0.561 

     Employed, no plan to switch to new jobs                                             0.000 0.001 0.001 

     Unemployed 0.305 0.268 0.282 

 Working History    

     Years of working experience 8.275 9.126 8.786 

     Tenure of the last job (years) 2.758 2.610 2.669 

     Tenure of the second last job (years) 1.978 2.242 2.136 

 Education    

     Post doc 0.000 0.001 0.001 

     Phd 0.004 0.006 0.005 

     MBA/EMBA 0.017 0.034 0.027 

     Master 0.112 0.194 0.161 

     Bachelor 0.604 0.613 0.610 

     Tech collage 0.233 0.141 0.178 

     Secondary 0.017 0.006 0.011 

     High School 0.012 0.004 0.008 

 Highest Degree    

     Domestic 1-19 0.060 0.091 0.079 

     Domestic 20 - 39 0.052 0.069 0.063 

     Domestic 40 - 59 0.032 0.039 0.036 

     Domestic 60 - 99 0.066 0.088 0.079 
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Note:  

1. In addition to the variables listed above, we observe every applicant’s current city 

and province, current main and sub- industries, current main and sub- occupations, 

desired working city and province, desired main and sub- industries, desired main and 

sub- occupations, and the sub-industries of the last two jobs in the working history. 

2. Applicants can revise their profiles at any time, and the displayed statistics are 

from the resumes that applicants sent in their first job applications in our data

     Domestic 100 - 199 0.105 0.115 0.111 

     Domestic 200+ 0.234 0.216 0.223 

     World 1-19 0.000 0.001 0.001 

     World 20 - 39 0.002 0.003 0.003 

     World 40 - 59 0.006 0.012 0.009 

     World 60 - 99 0.005 0.009 0.007 

     World 100 - 199 0.018 0.029 0.025 

     World 200+ 0.116 0.155 0.140 

     985/211 Project University 0.253 0.347 0.309 

     Tongzhao degree 0.834 0.834 0.834 

 Match    

     Province: current and desired 0.869 0.854 0.860 

     City: current and desired 0.797 0.774 0.783 

     Main industry: current and desired 0.636 0.676 0.660 

     Sub industry: current and desired 0.323 0.359 0.344 

     Main occupation: current and desired 0.363 0.412 0.392 

     Sub occupation: current and desired 0.173 0.198 0.188 

     Desired Wage (annual, in 10,000 RMB) 17.15 23.83 21.16 

     Disclose Desired Wage  0.676 0.292 0.446 

 Website Classification     

     Resume Completeness Score 630.5 644.0 638.6 

     Elite Resume 0.798 0.877 0.845 

     Membership 0.100 0.127 0.116 

     Days from Registration 551.9 819.2 712.3 

 Number of Applications 8.804 9.068 8.962 

     

 Sample Size 376,663 565,070 941,733 
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Table B.2: Descriptive Statistics: Job Ad Sample 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 Mean 

Posted Wage  

    Wage lower bound (annual, in 10,000 RMB) 14.75 

    Wage upper bound (annual, in 10,000 RMB) 23.62 

Posted Wage Invisible to Worker 0.240 

Age Requirement  

     No requirement 0.962 

     Age lower bound 24.03 

     Age upper bound 42.31 

Experience Requirement  

      No requirement 0.128 

      Experience lower bound 3.683 

Education Requirement  
    No requirement .065 

    Post doc .000 

    Phd .002 

    MBA/EMBA .000 

    Master .023 

    Bachelor .614 

    Tech collage .288 

    Secondary .009 

    High School .000 

Tongzhao Degree .305 

Gender Requirement  

    Male .008 

    Female .002 

Subordinate  

    No .897 

    Mean 372 

Feedback Days 4.30 

Number of Applications 26.0 

  

Sample Size 328,921 
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Note: In addition to the variables listed above, we can observe the main and sub- industry, 

main and sub- occupations, province and city, the open time, refresh time and close date for 

every job position.  

 

 

 

Table B.3: Descriptive Statistics: Firm Sample 

 Mean 

Frim Size (Number of Employees)  

100-499 0.531 

500-999 0.170 

1000-2000 0.125 

2000-5000 0.081 

5000-10000 0.040 

100000+ 0.054 

Firm Type  

Foreign-funded 0.120 

Sino-foreign joint 0.073 

Private 0.581 

State-owned 0.086 

Public 0.110 

Government/non-profit 0.001 

Institution 0.003 

Others 0.027 

  

Sample Size 19,264 

Number of Hiring Agents 39,493 
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 Table B.4: Descriptive Statistics: Viewed Application Sample 

 
  Percent 

Application Behaviors  

Batch Apply 0.274 

Use Lens Once 0.032 

Use Lens Twice 0.008 

Application Results  

    Target 0.048 

Save (Download) 0.080 

Unsuitable 0.432 

Job Match Indicators  

Over-educated 0.321 

Under-educated 0.087 

Over-age 0.007 

Under-age 0.003 

    Mis-tongzhao degree 0.062 

    Under-experienced 0.088 

    Mis-gender 0.003 

Current wage in the range of posted wage 0.316 

Desired wage in the range of posted wage 0.325 

  

 City: job and current 0.734 

 City: job and desired 0.747 

 Province: job and current 0.817 

 Province: job and desired 0.832 

 Main industry: job and current 0.428 

 Main industry: job and desired 0.561 

 Sub industry: job and current 0.298 

 Sub industry: job and desired 0.537 

 Main Occupation: job and current 0.464 

 Main Occupation: job and desired 0.527 

 Sub Occupation: job and current 0.218 

 Sub Occupation: job and desired 0.375 

  

Sample Size 3,542,049 
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B.3 Contexts in Liepin.com
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Figure B.4: Timeline of an Application Submitted in Liepin.com

Notes:

1. A denotes an applicant; HR denotes the hiring agent.
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Figure B.5: Timeline of a Job Posted in Liepin.com
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B.3.1 Application Processing by Hiring Agents

When one application has been sent to the hiring agent, the applicant’s resumewill
be saved into the hiring agent’s account. However, not every application is guaranteed
to be checked by hiring agents. The checking process can be divided into three stages.
The first stage is that the applicant’s resume is displayed as a summary card on the
homepage of the hiring agent. The summary card only contains limited information
including the applicant’s photo, gender, education level, age, years of working experi-
ence, company name of the recent job, and location, but importantly, without any in-
formation of worker’s wage. Summary cards are ranked by the application time, and
the latest application is shown at the top. Each webpage displays 10 summary cards.
If more new applications arrive, the application will be crowded out to the later pages,
and the hiring agent may never see it, even as a summary card. When the applicant’s
summary card shows up on the hiring agent’s homepage, he will receive a message
such that "Your application has been received by HR". The proportion of applications
that have displayed as summary cards on the hiring agent’s page is 60.86%. This em-
ployer’s response is almost random since the only factor considered into the ranking
of summary cards is the application time.

The second stage is hiring agents choose to view the resumes. After seeing the
summary card, the hiring agent can click into the summary card and view the whole
resume of the applicant. Conditional on shown as summary cards, the proportion of
applications viewed by hiring agents is 67.93%. This response should be affected only
by the applicant’s characteristics that are included in the summary card.

The third stage is hiring agents process the viewed applications. After viewing the
full resume, hiring agents can process the application through the website by marking
the applicant as target candidate, downloading the resume (saving as PDF version),
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or marking the applicant as unsuitable candidate. Conditional on viewed by hiring
agent, 4.81% of applications are marked as target, 8.00% are saved as PDF, and 43.21%
are marked as unsuitable.

To sum up, the employers’ response variables recording the hiring agent’s actions
in different processing stages are summarized as following:

Figure B.6: Application Processing by Hiring Agents
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Table B.5: Descriptive Statistics: Full Application Sample  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 Percent 

Application Behaviors  

Batch Apply 0.298 

Use Lens Once 0.026 

Use Lens Twice 0.006 

Application Results  

Shown as Summary Card 0.609 

Viewed by HR 0.413 

    Target 0.020 

Save (Download) 0.037 

Unsuitable 0.181 

Job Match Indicators  

Over-educated 0.304 

Under-educated 0.090 

Over-age 0.007 

Under-age 0.002 

    Mis-tongzhao degree 0.061 

    Under-experienced 0.098 

    Mis-gender 0.004 

Current wage in the range of posted wage 0.294 

Desired wage in the range of posted wage 0.310 

  

 City: job and current 0.733 

 City: job and desired 0.750 

 Province: job and current 0.811 

 Province: job and desired 0.829 

 Main industry: job and current 0.413 

 Main industry: job and desired 0.540 

 Sub industry: job and current 0.286 

 Sub industry: job and desired 0.534 

 Main Occupation: job and current 0.453 

 Main Occupation: job and desired 0.498 

 Sub Occupation: job and current 0.205 

 Sub Occupation: job and desired 0.352 

  

Sample Size 8,488,353 

Appendix for "Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages?"
Chapter B

271



Appendix for "Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages?"
Chapter B

B.3.2 Wage Disclosure and Viewed Applications

As noted above, since the wage information is not included in the summary card,
worker’s wage revealing should have no effect on the hiring agent’s decision on
whether to click into the summary card and view the full resume. We test this by
regressing whether the application is viewed by the hiring agent on a set of job’s char-
acteristics and worker’s information in summary card, plus the decision on wage dis-
closure in the sample of applications that have shown as summary cards in the hiring
agent’s account:

Yi = α0 + α1 ∗DiscloseWagei + α2 ∗Xi + FE + ei (B.13)

Table B.6 shows the regression results of the above specification, where the inde-
pendent variable Yi is 1 if hiring agent has ever clicked into the summary card and
viewed the full resume of application i. In column 1, we control for the applicant’s
wage level and his wage revealing choice. Column 2 controls for the applicant’s gen-
der and job’s characteristics including requirements for age, education, and working
experience; the offered wage range and whether the wage is visible to applicants, the
number of position’s subordinates and the reported feedback days. Column 3 controls
for the match indicators between the applicant and the job: whether the applicant sat-
isfies the job’s gender, education, age and experience requirements, and whether the
current and desired location (industry, occupation) are consistent with the location
(industry, occupation) of the job. Column 4 adds variables for applicant’s other char-
acteristics in the summary card including the industry and tenure of the last two jobs,
education quality, and controls for batch apply and the usage of job lens. Column 5
adds job’s location, industry, occupation and firm fixed effects, and the fixed effect for
the date of application. Column 6 replaces job’s characteristics and location, industry,
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occupation and firm fixed effects with job fixed effect. In column 7, we drop worker’s
characteristics and include fixed effects for time, job and worker.

According to the estimates in Table B.6, worker’s decision of wage disclosure has
no effect on the probability of being viewed by hiring agents under any sets of con-
trols, and the absolute value of wage does not significantly affect the view decision of
hiring agents after controlling for job’s characteristics and firm fixed effect. In general,
employers prefer to click into the summary cards of male applicants than the same fe-
male summary cards, and the alignments between job’s requirements and applicant’s
characteristics, including age, education, working experience, current working loca-
tions, industry and occupation will help the applicant win the first glance from hiring
agents.
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Table B.6: Effects of Wage Disclosure on the Probability of Resume Being Viewed by 

Hiring Agents 

Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 (1) (2) (3) (4) (5) (6) (7) 

Disclose -0.0004 -0.0005 -0.0003 -0.0001 0.0005 0.0016 0.0009 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) 

Wage 0.0003*** 0.0002*** 0.0001** 0.0000* 0.0001 0.0001  

 (0.000) (0.000) (0.000) (0.000) (0.001) (0.001)  

Male  0.0047*** 0.0055*** 0.0017** 0.0019*** 0.0014***  

  (0.002) (0.002) (0.001) (0.001) (0.001)  

Worker over edu    0.0052*** 0.0076*** 0.0071*** 0.0001 0.0030*** 

   (0.001) (0.001) (0.000) (0.002) (0.001) 

Worker under edu    -0.0059*** -0.0148*** -0.0170*** -0.0053** -0.0109*** 

   (0.002) (0.001) (0.001) (0.002) (0.001) 

Worker over age   -0.0122 -0.0109* -0.0216*** -0.0010 -0.0103** 

   (0.009) (0.007) (0.004) (0.007) (0.004) 

Worker under age   -0.0255* -0.0256*** -0.0239*** -0.0225*** -0.0218*** 

   (0.014) (0.008) (0.005) (0.008) (0.005) 

Worker under exp   -0.0070*** -0.0121*** -0.0143*** -0.0103*** -0.0111*** 

   (0.002) (0.001) (0.001) (0.001) (0.001) 

Batch apply   -0.0302*** -0.0203*** -0.0139*** -0.0146*** -0.0074*** 

   (0.001) (0.001) (0.000) (0.001) (0.001) 

Lens*1   0.0330*** 0.0344*** 0.0239*** 0.0394*** 0.0256*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Lens*2   0.0189*** 0.0195*** 0.0117*** 0.0264*** 0.0157*** 

   (0.003) (0.002) (0.002) (0.003) (0.002) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker 

Characteristics 

   Yes Yes Yes  

City, Time, Ind & 

Occ FE 

    Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 5,166,319 5,166,319 5,166,319 5,165,774 5,114,629 4,883,726 4,825,933 

R2 0.000 0.013 0.014 0.275 0.596 0.368 0.655 
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B.3.3 Job Lens

The job lens is a function in Liepin.com, aiming at providing a rough evaluation
of the worker’s competitiveness and match degree between the worker and the job,
and any registered job seekers can use it for free. In the job ad page, below the job
requirement section, there is a button for lens with a notification "job lens: check the
analysis of your competitiveness". After clicking that button, a small report will show
up, and an example is presented in Figure B.7.

The first part of the report is position analysis. Position analysis includes two sub-
sections, 1) activeness of job (low, median, high), with the last time when the hiring
agent logged in, the last time when the hiring agent processed the job applications and
how long it takes on average for the hiring agent to give feedback. 2) the popularity
of job (low, median, high) based on the how the many applications that the job has
received.

The second part is the competitiveness of job seeker. Based on the resume infor-
mation, it lists the relative rank of the job seeker among all the received applicants
for this job. First, it gives a total score of matching (low, median, high), and lists the
requirements of the job, the satisfied requirements will be marked with √, the unsat-
isfied ones will have×. Second, it reports the percentile of the jobseeker relative to the
existing applicant pool: the distribution of applicants’ working experience, the distri-
bution of education level, the distribution of firms that the applicants are from (world
top 500, China top 500, public company), the distribution of applicants’ desired wage,
the distribution of applicants’ industry, and the distribution of their overseas working
experience.
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Figure B.7: An Example of Job Lens Report
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B.4 Wage Disclosure Behaviors

B.4.1 Predicted Wage on Worker Level

In Section 2.5.1, we adopt worker’s predicted wage as the cutoff for high-wage
workers in indicator 3 (HighWage3). To reduce the prediction errors, we regress the
worker’s current wage on a set of his characteristics based on the sample of workers
similar to him, inwhich the similarworkers are defined as thosewho have ever applied
the same jobs as him. More specifically, for each worker, we find all the jobs that the
worker applied for, and collect all the applicants to these jobs, then the worker’s pre-
dicted wage is estimated by the following regression in the sample of the applicants:

wagej = β0 + β1Xj + FE + ej (B.14)

Xj is worker j’s demographics and characteristics including gender, quadratic in age,
and interactions between age and gender, marital status and interactions betweenmar-
ital status and gender, quadratic in years ofworking experience, education level, school
quality, employment status, tenure and industry in last two jobs, whether the worker
is an elite, and the current-desired match variables. Fixed effects include worker’s cur-
rent location, industry and occupation.

We run this regression for every worker in the sample of the similar workers and
predict worker’s wage. Because this method requires a sufficient number of similar
workers to run the regression, there are a small proportion of workers (5.7%) do not
have the predicted wages, so HighWage3 is missing for these workers.

In Table B.7, we list the average effects and standard errors of some characteris-
tics on worker’s wage (i.e., the mean and the standard errors of the coefficients from
888,054 regressions).
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Table B.7: Average Effects on Wage (Worker Level) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

Variables 
Average 

Coefficients 

  

Male 1.2073*** 

 (0.047) 

Age 0.2576*** 

 (0.008) 

Age*Male 0.0794*** 

 (0.006) 

Single 0.0843*** 

 (0.021) 

Married 0.3387*** 

 (0.076) 

Single*Male 0.0617*** 

 (0.020) 

Married*Male 0.8518*** 

 (0.096) 

Experience 1.0653*** 

 (0.010) 

Post doc 11.2018*** 

 (0.971) 

Phd 10.654*** 

 (0.430) 

MBA 9.4871*** 

 (0.266) 

Master 4.3785*** 

 (0.177) 

Bachelor 2.3347*** 

 (0.153) 

Tech college 0.3159** 

 (0.139) 

Secondary 0.0439* 

 (0.023) 

  

Number of Workers 888,054 
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B.4.2 Complete Version of Table 2.1

Table B.8 – B.10 presents the complete version of Table 2.2 in Panel A, B, and C,
respectively. We find that younger, more experienced and less educated people are
more likely to reveal their wages, and applicants who graduated from better univer-
sities are less likely to reveal their current wages. Unemployed workers, and workers
who send out more job applications are more willing to reveal their current wages.
With regard to the match variables, job seekers act differently between jumping to new
fields and moving to other places. Job seekers who want to work in different locations
are more likely to conceal their current wages, while people who want to work in dif-
ferent industries or occupations are more likely to reveal their current wages to future
employers, and applicants who are seeking for a big wage growth in their next jobs,
are less likely to disclose their current wages. According to the website classification
variables, elite applicants, applicants who have been registered on Liepin for a longer
time, and applicants with more complete profiles are unlikely to disclose their current
wages.
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Table B.8: The Effect of Applicant’s Characteristics on Wage Disclosure (Panel A) 

 (1) (2) (3) (4) (5) (6) (7) 

        

HighWage1 0.0472*** 0.0494*** 0.0593*** 0.0533*** 0.0477*** 0.0514*** 0.0510*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Wage  -0.0048*** -0.0034*** -0.0018*** -0.0009*** -0.0004*** -0.0004*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0826*** 0.0942*** 0.0734*** 0.0912*** 0.0843*** 0.0884*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Age   -0.0093*** -0.0130*** -0.0103*** -0.0110*** -0.0106*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Age^2   0.0005*** 0.0004*** 0.0003*** 0.0003*** 0.0003*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Single   0.0062*** 0.0060*** -0.0183*** -0.0221*** -0.0171*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Married   -0.0597*** -0.0458*** -0.0197*** -0.0202*** -0.0171*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Experience    0.0074*** 0.0109*** 0.0100*** 0.0077*** 

    (0.000) (0.000) (0.000) (0.000) 

Experience^2    -0.0001*** -0.0002*** -0.0002*** -0.0001*** 

    (0.000) (0.000) (0.000) (0.000) 

Post doc    -0.1781*** -0.1529*** -0.1538*** -0.1406*** 

    (0.021) (0.021) (0.021) (0.021) 

Phd    -0.2190*** -0.1924*** -0.1956*** -0.1802*** 

    (0.009) (0.009) (0.009) (0.009) 

MBA    -0.2296*** -0.1806*** -0.1880*** -0.1745*** 

    (0.006) (0.006) (0.006) (0.007) 

Master    -0.2422*** -0.2039*** -0.2074*** -0.1853*** 

    (0.006) (0.006) (0.006) (0.006) 

Bachelor    -0.1690*** -0.1319*** -0.1384*** -0.1231*** 

    (0.006) (0.006) (0.006) (0.006) 

Tech college    -0.0787*** -0.0527*** -0.0605*** -0.0553*** 

    (0.006) (0.006) (0.006) (0.006) 

Secondary    0.0005 0.0045 -0.0017 -0.0007 

    (0.007) (0.007) (0.007) (0.007) 

Tongzhao     -0.0253*** -0.0223*** -0.0219*** -0.0164*** 

    (0.001) (0.001) (0.001) (0.001) 

985/211    -0.0119*** -0.0114*** -0.0141*** -0.0117*** 

    (0.002) (0.002) (0.002) (0.002) 

Intensively Search    -0.0210*** 0.0005 0.0019 0.0041*** 

    (0.002) (0.002) (0.002) (0.002) 

Moderately Search    -0.1531*** -0.1246*** -0.1218*** -0.1111*** 

    (0.020) (0.020) (0.020) (0.019) 

Stay    -0.0062*** 0.0012 -0.0009 -0.0010 

    (0.001) (0.001) (0.001) (0.001) 

Tenure 1    0.0025*** 0.0009*** 0.0009*** 0.0010*** 
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    (0.000) (0.000) (0.000) (0.000) 

Tenure 2    0.0044*** 0.0021*** 0.0017*** 0.0016*** 

    (0.000) (0.000) (0.000) (0.000) 

Domes 1-19    -0.0247*** -0.0188*** -0.0146*** -0.0125*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 20-39    -0.0310*** -0.0263*** -0.0205*** -0.0154*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 40-59    -0.0188*** -0.0144*** -0.0107*** -0.0107*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 60-99    -0.0360*** -0.0315*** -0.0205*** -0.0186*** 

    (0.002) (0.002) (0.002) (0.002) 

Dome 100-199    -0.0191*** -0.0144*** -0.0162*** -0.0139*** 

    (0.002) (0.002) (0.002) (0.002) 

World 1-19    -0.0981*** -0.1101*** -0.0952*** -0.0849*** 

    (0.017) (0.017) (0.017) (0.017) 

World 20-39    -0.0317*** -0.0405*** -0.0411*** -0.0367*** 

    (0.010) (0.010) (0.010) (0.010) 

World 40-59    -0.0262*** -0.0301*** -0.0274*** -0.0269*** 

    (0.005) (0.005) (0.005) (0.005) 

World 60-99    -0.0337*** -0.0350*** -0.0270*** -0.0261*** 

    (0.006) (0.006) (0.006) (0.006) 

World 100-199    -0.0266*** -0.0279*** -0.0150*** -0.0123*** 

    (0.004) (0.004) (0.004) (0.004) 

Elite     -0.0097*** -0.0097*** 0.0066*** 

     (0.002) (0.002) (0.002) 

Account days     -0.9404*** -0.9110*** -0.9221*** 

     (0.008) (0.008) (0.008) 

Resume Completeness      -2.7647*** -2.5389*** -2.4203*** 

     (0.093) (0.092) (0.093) 

Membership     -0.0199*** -0.0183*** -0.0185*** 

     (0.002) (0.002) (0.002) 

Number of Applications     0.0004*** 0.0005*** 0.0004*** 

     (0.000) (0.000) (0.000) 

Log (wage gap)     -0.0129*** -0.0119*** -0.0109*** 

     (0.000) (0.000) (0.000) 

City Match     0.0289*** 0.0399*** 0.0409*** 

     (0.002) (0.002) (0.002) 

Province Match     -0.0042* 0.0078*** 0.0045* 

     (0.002) (0.002) (0.002) 

Main Industry Match     -0.0223*** -0.0202*** -0.0120*** 

     (0.002) (0.002) (0.002) 

Sub-Industry Match     -0.0161*** -0.0191*** -0.0223*** 

     (0.001) (0.001) (0.001) 

Main Occupation Match      -0.0233*** -0.0225*** -0.0198*** 

     (0.002) (0.002) (0.002) 

Sub-Occupation Match     -0.0184*** -0.0180*** -0.0115*** 

     (0.002) (0.002) (0.002) 
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Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

 

Note: In Table B.8-10, column 6 controls for the worker’s location fixed effect, and column 7 

further controls for the worker’s industry and occupation fixed effects.

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 

R2 0.000 0.021 0.032 0.059 0.083 0.091 0.102 
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Table B.9: The Effect of Applicant’s Characteristics on Wage Disclosure (Panel B) 

 (1) (2) (3) (4) (5) (6) (7) 

        

HighWage2 0.0288*** 0.0311*** 0.0400*** 0.0421*** 0.0405*** 0.0417*** 0.0450*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Wage  -0.0046*** -0.0033*** -0.0018*** -0.0009*** -0.0004*** -0.0004*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0822*** 0.0935*** 0.0726*** 0.0907*** 0.0839*** 0.0880*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Age   -0.0091*** -0.0129*** -0.0102*** -0.0108*** -0.0105*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Age^2   0.0005*** 0.0004*** 0.0003*** 0.0003*** 0.0003*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Single   0.0045*** 0.0047*** -0.0195*** -0.0233*** -0.0182*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Married   -0.0596*** -0.0459*** -0.0196*** -0.0201*** -0.0171*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Experience    0.0075*** 0.0110*** 0.0101*** 0.0078*** 

    (0.000) (0.000) (0.000) (0.000) 

Experience^2    -0.0001*** -0.0002*** -0.0002*** -0.0001*** 

    (0.000) (0.000) (0.000) (0.000) 

Post doc    -0.1862*** -0.1597*** -0.1611*** -0.1460*** 

    (0.021) (0.021) (0.021) (0.021) 

Phd    -0.2271*** -0.1992*** -0.2029*** -0.1855*** 

    (0.009) (0.009) (0.009) (0.009) 

MBA    -0.2366*** -0.1865*** -0.1942*** -0.1789*** 

    (0.006) (0.006) (0.006) (0.007) 

Master    -0.2488*** -0.2098*** -0.2135*** -0.1897*** 

    (0.006) (0.006) (0.006) (0.006) 

Bachelor    -0.1747*** -0.1369*** -0.1435*** -0.1267*** 

    (0.006) (0.006) (0.006) (0.006) 

Tech college    -0.0818*** -0.0556*** -0.0632*** -0.0568*** 

    (0.006) (0.006) (0.006) (0.006) 

Secondary    -0.0001 0.0038 -0.0022 -0.0010 

    (0.007) (0.007) (0.007) (0.007) 

Tongzhao     -0.0261*** -0.0229*** -0.0226*** -0.0171*** 

    (0.001) (0.001) (0.001) (0.001) 

985/211    -0.0119*** -0.0114*** -0.0140*** -0.0118*** 

    (0.002) (0.002) (0.002) (0.002) 

Intensively Search    -0.0220*** -0.0003 0.0010 0.0032** 

    (0.002) (0.002) (0.002) (0.002) 

Moderately Search    -0.1540*** -0.1251*** -0.1225*** -0.1116*** 

    (0.020) (0.020) (0.020) (0.019) 

Stay    -0.0079*** -0.0001 -0.0024** -0.0026** 

    (0.001) (0.001) (0.001) (0.001) 

Tenure 1    0.0024*** 0.0009*** 0.0008*** 0.0009*** 
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    (0.000) (0.000) (0.000) (0.000) 

Tenure 2    0.0044*** 0.0022*** 0.0017*** 0.0016*** 

    (0.000) (0.000) (0.000) (0.000) 

Domes 1-19    -0.0250*** -0.0190*** -0.0148*** -0.0126*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 20-39    -0.0312*** -0.0265*** -0.0207*** -0.0156*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 40-59    -0.0191*** -0.0146*** -0.0110*** -0.0109*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 60-99    -0.0362*** -0.0317*** -0.0209*** -0.0188*** 

    (0.002) (0.002) (0.002) (0.002) 

Dome 100-199    -0.0193*** -0.0147*** -0.0164*** -0.0140*** 

    (0.002) (0.002) (0.002) (0.002) 

World 1-19    -0.0988*** -0.1107*** -0.0962*** -0.0860*** 

    (0.017) (0.017) (0.017) (0.017) 

World 20-39    -0.0320*** -0.0409*** -0.0410*** -0.0366*** 

    (0.010) (0.010) (0.010) (0.010) 

World 40-59    -0.0272*** -0.0309*** -0.0280*** -0.0275*** 

    (0.005) (0.005) (0.005) (0.005) 

World 60-99    -0.0330*** -0.0343*** -0.0271*** -0.0262*** 

    (0.006) (0.006) (0.006) (0.006) 

World 100-199    -0.0261*** -0.0275*** -0.0151*** -0.0124*** 

    (0.004) (0.004) (0.004) (0.004) 

Elite     -0.0094*** -0.0091*** 0.0069*** 

     (0.002) (0.002) (0.002) 

Account days     -0.9434*** -0.9143*** -0.9257*** 

     (0.008) (0.008) (0.008) 

Resume Completeness      -2.7630*** -2.5383*** -2.4263*** 

     (0.093) (0.093) (0.093) 

Membership     -0.0200*** -0.0184*** -0.0186*** 

     (0.002) (0.002) (0.002) 

Number of Applications     0.0004*** 0.0005*** 0.0005*** 

     (0.000) (0.000) (0.000) 

Log (wage gap)     -0.0132*** -0.0124*** -0.0112*** 

     (0.000) (0.000) (0.000) 

City Match     0.0288*** 0.0401*** 0.0412*** 

     (0.002) (0.002) (0.002) 

Province Match     -0.0038* 0.0079*** 0.0046** 

     (0.002) (0.002) (0.002) 

Main Industry Match     -0.0220*** -0.0199*** -0.0114*** 

     (0.002) (0.002) (0.002) 

Sub-Industry Match     -0.0167*** -0.0196*** -0.0227*** 

     (0.001) (0.001) (0.001) 

Main Occupation Match      -0.0236*** -0.0228*** -0.0195*** 

     (0.002) (0.002) (0.002) 

Sub-Occupation Match     -0.0183*** -0.0178*** -0.0113*** 

     (0.002) (0.002) (0.002) 
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Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

        

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 

R2 0.001 0.020 0.031 0.058 0.082 0.090 0.101 
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Table B.10: The Effect of Applicant’s Characteristics on Wage Disclosure (Panel C) 

 (1) (2) (3) (4) (5) (6) (7) 

        

HighWage3 0.0292*** 0.0870*** 0.0645*** 0.0310*** 0.0314*** 0.0154*** 0.0157*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Wage  -0.0052*** -0.0038*** -0.0018*** -0.0009*** -0.0001* -0.0001 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0880*** 0.0949*** 0.0736*** 0.0909*** 0.0837*** 0.0877*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Age   -0.0067*** -0.0121*** -0.0096*** -0.0104*** -0.0100*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Age^2   0.0004*** 0.0004*** 0.0003*** 0.0003*** 0.0003*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Single   0.0044*** 0.0046*** -0.0194*** -0.0230*** -0.0180*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Married   -0.0577*** -0.0449*** -0.0184*** -0.0190*** -0.0158*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Experience    0.0085*** 0.0120*** 0.0107*** 0.0084*** 

    (0.000) (0.000) (0.000) (0.000) 

Experience^2    -0.0002*** -0.0002*** -0.0002*** -0.0002*** 

    (0.000) (0.000) (0.000) (0.000) 

Post doc    -0.1772*** -0.1560*** -0.1630*** -0.1480*** 

    (0.021) (0.021) (0.021) (0.021) 

Phd    -0.2174*** -0.1946*** -0.2044*** -0.1872*** 

    (0.009) (0.009) (0.009) (0.009) 

MBA    -0.2286*** -0.1833*** -0.1962*** -0.1816*** 

    (0.007) (0.006) (0.006) (0.007) 

Master    -0.2403*** -0.2073*** -0.2148*** -0.1916*** 

    (0.006) (0.006) (0.006) (0.006) 

Bachelor    -0.1701*** -0.1379*** -0.1460*** -0.1300*** 

    (0.006) (0.006) (0.006) (0.006) 

Tech college    -0.0815*** -0.0596*** -0.0665*** -0.0610*** 

    (0.006) (0.006) (0.006) (0.006) 

Secondary    0.0001 0.0038 -0.0018 -0.0009 

    (0.007) (0.007) (0.007) (0.007) 

Tongzhao     -0.0238*** -0.0213*** -0.0219*** -0.0164*** 

    (0.001) (0.001) (0.001) (0.001) 

985/211    -0.0096*** -0.0094*** -0.0130*** -0.0107*** 

    (0.002) (0.002) (0.002) (0.002) 

Intensively Search    -0.0219*** -0.0008 0.0003 0.0026* 

    (0.002) (0.002) (0.002) (0.002) 

Moderately Search    -0.1476*** -0.1191*** -0.1197*** -0.1091*** 

    (0.020) (0.020) (0.020) (0.019) 

Stay    -0.0062*** 0.0014 -0.0021* -0.0021* 

    (0.001) (0.001) (0.001) (0.001) 

Tenure 1    0.0021*** 0.0005** 0.0006*** 0.0007*** 
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    (0.000) (0.000) (0.000) (0.000) 

Tenure 2    0.0042*** 0.0019*** 0.0017*** 0.0016*** 

    (0.000) (0.000) (0.000) (0.000) 

Domes 1-19    -0.0246*** -0.0185*** -0.0142*** -0.0121*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 20-39    -0.0318*** -0.0271*** -0.0207*** -0.0155*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 40-59    -0.0207*** -0.0164*** -0.0117*** -0.0117*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 60-99    -0.0365*** -0.0321*** -0.0212*** -0.0192*** 

    (0.002) (0.002) (0.002) (0.002) 

Dome 100-199    -0.0201*** -0.0157*** -0.0167*** -0.0143*** 

    (0.002) (0.002) (0.002) (0.002) 

World 1-19    -0.0903*** -0.1032*** -0.0937*** -0.0832*** 

    (0.017) (0.017) (0.017) (0.017) 

World 20-39    -0.0308*** -0.0404*** -0.0406*** -0.0362*** 

    (0.010) (0.010) (0.010) (0.010) 

World 40-59    -0.0243*** -0.0278*** -0.0278*** -0.0271*** 

    (0.005) (0.005) (0.005) (0.005) 

World 60-99    -0.0298*** -0.0311*** -0.0268*** -0.0257*** 

    (0.006) (0.006) (0.006) (0.006) 

World 100-199    -0.0250*** -0.0265*** -0.0151*** -0.0123*** 

    (0.004) (0.004) (0.004) (0.004) 

Elite     0.0018 0.0004 0.0167*** 

     (0.002) (0.002) (0.002) 

Account days     -0.9496*** -0.9196*** -0.9319*** 

     (0.008) (0.008) (0.009) 

Resume Completeness      -2.7611*** -2.5160*** -2.4018*** 

     (0.093) (0.093) (0.093) 

Membership     -0.0200*** -0.0184*** -0.0186*** 

     (0.002) (0.002) (0.002) 

Number of Applications     0.0004*** 0.0005*** 0.0005*** 

     (0.000) (0.000) (0.000) 

Log (wage gap)     -0.0135*** -0.0127*** -0.0116*** 

     (0.000) (0.000) (0.000) 

City Match     0.0308*** 0.0393*** 0.0402*** 

     (0.002) (0.002) (0.002) 

Province Match     -0.0076*** 0.0067*** 0.0034 

     (0.002) (0.002) (0.002) 

Main Industry Match     -0.0204*** -0.0191*** -0.0113*** 

     (0.002) (0.002) (0.002) 

Sub-Industry Match     -0.0165*** -0.0192*** -0.0226*** 

     (0.001) (0.001) (0.001) 

Main Occupation Match      -0.0227*** -0.0225*** -0.0193*** 

     (0.002) (0.002) (0.002) 

Sub-Occupation Match     -0.0198*** -0.0185*** -0.0121*** 

     (0.002) (0.002) (0.002) 
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Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

        

‘Effective’ N 888,054 888,054 888,054 888,054 888,054 888,018 887,980 

R2 0.001 0.026 0.033 0.058 0.082 0.089 0.100 
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Table B.11: The Effect of Gender on Wage Disclosure Decision 

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: Column 2 controls for worker’s current wage. Column 3-7 have the same 

specifications as Table 1. 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

HighWage1*Male -0.0231*** -0.0100*** -0.0147*** -0.0116*** -0.0115*** -0.0108*** -0.0121*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage1 0.0071*** 0.0557*** 0.0685*** 0.0606*** 0.0550*** 0.0582*** 0.0587*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Male 0.0744*** 0.0871*** 0.1007*** 0.0786*** 0.0963*** 0.0892*** 0.0939*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Panel B 

HighWage2*Male -0.0257*** -0.0094*** -0.0158*** -0.0113*** -0.0114*** -0.0115*** -0.0108*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage2 -0.0199*** 0.0370*** 0.0498*** 0.0492*** 0.0477*** 0.0489*** 0.0519*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Male 0.0765*** 0.0862*** 0.1002*** 0.0774*** 0.0955*** 0.0888*** 0.0926*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Panel C 

HighWage3*Male -0.0399*** -0.0120*** -0.0147*** -0.0113*** -0.0107*** -0.0115*** -0.0104*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage3 0.0558*** 0.0943*** 0.0734*** 0.0379*** 0.0379*** 0.0224*** 0.0220*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

Male 0.0818*** 0.0932*** 0.1012*** 0.0784*** 0.0955*** 0.0886*** 0.0921*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

        

Demographics   Yes Yes Yes Yes Yes 

Edu & Exp    Yes Yes Yes Yes 

Classification & 

Match 

    Yes Yes Yes 

Location FE      Yes Yes 

Industry FE        Yes 

Occupation FE       Yes 

        

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 
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Table B.12: The Effect of Unemployment on Wage Disclosure Decision 

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: Column 2 controls for worker’s gender and current wage. Column 3-7 have the same 

specifications as Table 1. 

 

 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

HighWage1* 

Unemp 

0.0168*** 0.0115*** 0.0230*** 0.0177*** 0.0169*** 0.0172*** 0.0144*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage1 -0.0097*** 0.0450*** 0.0518*** 0.0481*** 0.0430*** 0.0466*** 0.0470*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Unemp 0.0362*** 0.0250*** 0.0104*** 0.0017 0.0087*** 0.0075*** 0.0066*** 

 (0.002) (0.002) (0.002) (0.002) (0.001) (0.001) (0.001) 

Panel B 

HighWage2* 

Unemp 

0.0106*** 0.0024 0.0116*** 0.0071*** 0.0074*** 0.0078*** 0.0072*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage2 -0.0344*** 0.0302*** 0.0363*** 0.0400*** 0.0385*** 0.0395*** 0.0430*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Unemp 0.0376*** 0.0309*** 0.0182*** 0.0083*** 0.0029** 0.0015 0.0016 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Panel C 

HighWage3* 

Unemp 

0.0341*** 0.0062*** 0.0050** 0.0047** 0.0051** 0.0091*** 0.0095*** 

 (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) 

HighWage3 0.0175*** 0.0828*** 0.0626*** 0.0318*** 0.0329*** 0.0183*** 0.0188*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Unemp 0.0270*** 0.0207*** 0.0181*** 0.0120*** -0.0014 0.0057*** 0.0053*** 

 (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

        

Demographics   Yes Yes Yes Yes Yes 

Edu & Exp    Yes Yes Yes Yes 

Classification & 

Match 

    Yes Yes Yes 

Location FE      Yes Yes 

Industry FE        Yes 

Occupation FE       Yes 

        

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 
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Table B.13: The Effect of High Wage Percentage on Wage Disclosure 

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: The high-wage workers are measured by binary variables in Section 5. We 

further check the effect of the deviation from the worker’s expected wage on wage 

revealing by using the percentage difference between worker’s actual wage and his 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

HighWage1 0.0100*** 0.0107*** 0.0097*** 0.0072*** 0.0042*** 0.0042*** 0.0040*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Wage  -0.0044*** -0.0029*** -0.0013*** -0.0001*** -0.0002*** -0.0002*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0820*** 0.0936*** 0.0724*** 0.0822*** 0.0865*** 0.0873*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Panel B 

HighWage2 0.0098*** 0.0106*** 0.0094*** 0.0073*** 0.0059*** 0.0049*** 0.0044*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Wage  -0.0044*** -0.0032*** -0.0013*** -0.0007*** -0.0004*** -0.0005*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0820*** 0.0929*** 0.0724*** 0.0810*** 0.0885*** 0.0817*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Panel C 

HighWage3 0.0092*** 0.0115*** 0.0093*** 0.0082*** 0.0063*** 0.0043*** 0.0038*** 

 (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Wage  -0.0038*** -0.0014*** -0.0012*** -0.0011*** -0.0003*** -0.0001*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Male  0.0813*** 0.0893*** 0.0739*** 0.0870*** 0.0864*** 0.0852*** 

  (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

        

Demographics   Yes Yes Yes Yes Yes 

Edu & Exp    Yes Yes Yes Yes 

Classification & 

Match 

    Yes Yes Yes 

Location FE      Yes Yes 

Industry FE        Yes 

Occupation FE       Yes 

        

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 
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expected wage and replicating regressions in Table 1 with the continuous measure of 

HighWage as 𝐻𝑖𝑔ℎ𝑊𝑎𝑔𝑒𝑖 =
𝑤𝑖−𝑊𝐸𝑖

𝑊𝐸𝑖
. 
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B.5 Employer’s Response on Success Rate

B.5.1 Predicted Wage on Job Level

In Section 2.4.2, when employers infer the applicants’ wages from their information
on resume, the expected wage is the predicted wage based on the following regression
in the sample of job applicants.

wagej = β0 + β1Xj + ej (B.15)

The covariates controlled in the regressions are: gender, age, marital status, years of
working experience, years of education (converted from the highest degree), whether
the worker is unemployed, and whether the worker is currently working in the job’s
industry and occupation.

Compared to predicted wage in worker level in Appendix B.4.1, the prediction on
job level is more compact with fewer controls. There are two reasons for using the
shorter regression: First, workerswho apply to the same job share sufficient similarities
such as the same industry and occupation, so the reduction of controls is not going to
dramatically affect the accuracy of prediction. Second, some of jobs received only a few
applicants, and a large set of controls are not allowed in the regression due to small
sample size. In order to keep more observations in the analysis sample, we prefer the
fewer controls in the prediction regression. In total, the regression is conducted on
83.7% of jobs, covering 92.4% of job applications.

In Table B.14, we list the average effects and standard errors of coefficients on the
above covariates in the wage regressions on job level (the mean and standard error of
the coefficients from 275,306 regressions).
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Table B.14: Average Effects on Wage (Job Level) 

 

 

 

 

 

 

 

 

 

 

 

 

 

Standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

Variables 
Average 

Coefficients 

  

Male 0.9084*** 

 (0.235) 

Age 0.1347*** 

 (0.040) 

Single 0.0643*** 

 (0.019) 

Married 0.4095*** 

 (0.126) 

Experience 1.2566*** 

 (0.094) 

Education 0.3692*** 

 (0.057) 

Unemployed -0.0677*** 

 (0.021) 

Same Industry 0.6528*** 

 (0.009) 

Same Occupation 0.8642*** 

 (0.007) 

  

Number of Jobs 275,306 
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Table B.15: The Effect of Wage Disclosure on Save  

Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

Note: This table has the same identifications in Table 2. The outcome variable is resume 

being saved by hiring agents.   

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

OverWage1 0.0174*** 0.0150*** 0.0138*** 0.0138*** 0.0117*** 0.0106*** 0.0053*** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) 

Disclose* UnderWage1 -0.0086*** -0.0103*** -0.0075*** -0.0056*** -0.0063*** -0.0059*** -0.0026* 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage1 -0.0063*** -0.0076*** -0.0054*** -0.0041*** -0.0052*** -0.0051*** -0.0034** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Panel B 

OverWage2 0.0122*** 0.0114*** 0.0094*** 0.0108*** 0.0095*** 0.0093*** 0.0040*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* UnderWage2 -0.0070*** -0.0090*** -0.0061*** -0.0043*** -0.0053*** -0.0053*** -0.0021 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage2 -0.0072*** -0.0088*** -0.0067*** -0.0050*** -0.0059*** -0.0056*** -0.0037*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Panel C 

OverWage3 0.0158*** 0.0156*** 0.0144*** 0.0138*** 0.0127*** 0.0124*** 0.0024*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* UnderWage3 -0.0076*** -0.0090*** -0.0062*** -0.0042*** -0.0050*** -0.0047*** -0.0024* 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage3 -0.0079*** -0.0092*** -0.0067*** -0.0050*** -0.0061*** -0.0061*** -0.0034** 

 (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker Characteristics    Yes Yes Yes  

City, Time, Ind & Occ 

FE 

    Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 
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Table B.16: The Effect of Wage Disclosure on Suitable  

Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

Note: This table has the same identifications in Table 2. The outcome variable is application 

marked as suitable by hiring agents. 

 

 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

OverWage1 0.0207*** 0.0131*** 0.0137*** 0.0159*** 0.0132*** 0.0086*** 0.0051*** 

 (0.002) (0.002) (0.002) (0.002) (0.001) (0.000) (0.001) 

Disclose* UnderWage1 -0.0154*** -0.0188*** -0.0152*** -0.0147*** -0.0080*** -0.0063*** -0.0008 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Disclose* OverWage1 -0.0081*** -0.0123*** -0.0096*** -0.0094*** -0.0057*** -0.0046*** -0.0013 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Panel B 

OverWage2 0.0076*** 0.0083*** 0.0072*** 0.0109*** 0.0087*** 0.0074*** 0.0037*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Disclose* UnderWage2 -0.0150*** -0.0185*** -0.0147*** -0.0145*** -0.0081*** -0.0062*** -0.0006 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.002) 

Disclose* OverWage2 -0.0083*** -0.0129*** -0.0103*** -0.0096*** -0.0055*** -0.0047*** -0.0013 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Panel C 

OverWage3 0.0172*** 0.0174*** 0.0170*** 0.0160*** 0.0142*** 0.0118*** 0.0023*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Disclose* UnderWage3 -0.0141*** -0.0172*** -0.0137*** -0.0129*** -0.0066*** -0.0050*** -0.0005 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.002) 

Disclose* OverWage3 -0.0092*** -0.0137*** -0.0109*** -0.0103*** -0.0063*** -0.0056*** -0.0013 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.002) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker Characteristics    Yes Yes Yes  

City, Time, Ind & Occ 

FE 

    Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 
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Table B.17: The Effect of Wage Disclosure on Becoming a Recruiting Target (Panel 

A) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage1 0.0098*** 0.0078*** 0.0067*** 0.0078*** 0.0057*** 0.0059*** 0.0034*** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) 

Disclose* UnderWage1 -0.0033*** -0.0046*** -0.0029*** -0.0022*** -0.0029*** -0.0029*** -0.0011 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage1 -0.0029*** -0.0043*** -0.0030*** -0.0025*** -0.0029*** -0.0031*** -0.0023** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Male  -0.0009 0.0001 0.0009 -0.0011*** -0.0012***  

  (0.001) (0.001) (0.001) (0.000) (0.000)  

Job Wage lower bound  -0.0003 -0.0003 -0.0003** -0.0002***   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage upper bound  0.0001 0.0001 0.0002* 0.0001**   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage hidden  -0.0017 -0.0014 -0.0010 0.0008   

  (0.002) (0.002) (0.002) (0.001)   

Job Age lower bound  0.0009** 0.0012*** 0.0011*** 0.0013***   

  (0.000) (0.000) (0.000) (0.000)   

Job Age upper bound  -0.0005** -0.0006** -0.0005* -0.0007***   

  (0.000) (0.000) (0.000) (0.000)   

Job experience  -0.0008** -0.0007** -0.0005* 0.0000   

  (0.000) (0.000) (0.000) (0.000)   

Job Tongzhao Degree  0.0063*** 0.0076*** 0.0072*** 0.0037***   

  (0.002) (0.002) (0.002) (0.001)   

Job Subordinate #  0.0030** 0.0029** 0.0029** 0.0002   

  (0.001) (0.001) (0.001) (0.001)   

Job Feedback days  0.0015** 0.0014** 0.0013** -0.0006***   

  (0.001) (0.001) (0.001) (0.000)   

Job Post doc  0.2861*** 0.3086*** 0.3040*** -0.0537   

  (0.004) (0.004) (0.005) (0.040)   

Job Phd  0.0137 0.0288*** 0.0255*** 0.0266***   

  (0.009) (0.009) (0.009) (0.007)   

Job MBA  0.0708 0.0880 0.0843 0.0837   

  (0.064) (0.062) (0.062) (0.065)   

Job Master  0.0171** 0.0232*** 0.0213** 0.0158***   

  (0.008) (0.008) (0.009) (0.003)   

Job Bachelor  -0.0057 -0.0043 -0.0046 0.0053***   

  (0.004) (0.004) (0.004) (0.002)   

Job Tech college  0.0095** 0.0057 0.0051 0.0023   

  (0.004) (0.004) (0.004) (0.002)   

Job Secondary  0.0508*** 0.0466*** 0.0440*** -0.0046   

  (0.011) (0.011) (0.012) (0.005)   

Job High School  0.5661*** 0.5598*** 0.5569*** -0.0849   

  (0.042) (0.042) (0.042) (0.059)   

Worker over edu    0.0048*** 0.0048*** 0.0037*** 0.0037*** 0.0044*** 
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   (0.001) (0.001) (0.000) (0.000) (0.001) 

Worker under edu    -0.0218*** -0.0193*** -0.0192*** -0.0201*** -0.0162*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Mis tongzhao degree   -0.0119*** -0.0106*** -0.0092*** -0.0091*** -0.0032*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

Worker over age   -0.0279*** -0.0242*** -0.0262*** -0.0286*** -0.0135*** 

   (0.003) (0.003) (0.002) (0.002) (0.002) 

Worker under age   -0.0127*** -0.0130*** -0.0167*** -0.0125*** -0.0107*** 

   (0.004) (0.005) (0.003) (0.003) (0.003) 

Mis gender   -0.0292*** -0.0291*** -0.0329*** -0.0347*** -0.0289*** 

   (0.004) (0.004) (0.004) (0.005) (0.004) 

Worker under exp   -0.0074*** -0.0085*** -0.0088*** -0.0093*** -0.0115*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

City: job = desired   -0.0047*** -0.0047*** -0.0007 -0.0005 -0.0003 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

City: job = now   -0.0026*** -0.0017** 0.0010* 0.0007 0.0017* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = desired   0.0039*** 0.0027*** 0.0019*** 0.0020*** 0.0019** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = now   0.0040*** 0.0028*** 0.0038*** 0.0046*** 0.0015* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Main ind: job = desired   -0.0051*** -0.0018 0.0050*** 0.0067*** 0.0050*** 

   (0.001) (0.002) (0.000) (0.000) (0.000) 

Main ind: job = now   0.0112*** 0.0087*** 0.0054*** 0.0060*** 0.0039*** 

   (0.002) (0.001) (0.000) (0.000) (0.001) 

Sub ind: job = desired   -0.0019* -0.0039*** -0.0004 -0.0005 -0.0009** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub ind: job = now   0.0030** 0.0043*** 0.0070*** 0.0074*** 0.0053*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

Main occ: job = desired   0.0062*** 0.0049*** 0.0022*** 0.0026*** 0.0024*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Main occ: job = now   0.0075*** 0.0076*** 0.0076*** 0.0080*** 0.0051*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = desired   0.0023*** 0.0016** 0.0031*** 0.0033*** 0.0020*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = now   0.0026*** 0.0021*** 0.0041*** 0.0046*** 0.0041*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Single    0.0103*** 0.0007 0.0001  

    (0.001) (0.000) (0.000)  

Married    0.0092*** -0.0003 -0.0008*  

    (0.001) (0.000) (0.000)  

Intensively Search    0.0050*** 0.0053*** 0.0053***  

    (0.000) (0.000) (0.000)  

Moderately Search    0.0069*** 0.0064*** 0.0063***  

    (0.000) (0.000) (0.000)  

Stay    0.0200*** 0.0196*** 0.0152**  

    (0.008) (0.007) (0.007)  

985/211 school    0.0006 0.0010*** 0.0010***  
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    (0.001) (0.000) (0.000)  

Tenure 1    -0.0007*** -0.0010*** -0.0009***  

    (0.000) (0.000) (0.000)  

Tenure 2    -0.0003*** -0.0006*** -0.0006***  

    (0.000) (0.000) (0.000)  

Domestic 1-19    0.0016** 0.0021*** 0.0022***  

    (0.001) (0.001) (0.000)  

Domestic 20-39    0.0013* 0.0016*** 0.0015***  

    (0.001) (0.001) (0.001)  

Domestic 40-59    0.0022** 0.0018*** 0.0017***  

    (0.001) (0.001) (0.001)  

Domestic 60-99    0.0024*** 0.0025*** 0.0027***  

    (0.001) (0.000) (0.000)  

Domestic 100-199    0.0016*** 0.0022*** 0.0023***  

    (0.000) (0.000) (0.000)  

World 1-19    0.0161*** 0.0183*** 0.0186***  

    (0.005) (0.004) (0.004)  

World 20-39    0.0046 0.0057*** 0.0059***  

    (0.003) (0.002) (0.002)  

World 40-59    -0.0031** -0.0006 -0.0007  

    (0.001) (0.001) (0.001)  

World 60-99    0.0014 0.0002 0.0003  

    (0.002) (0.001) (0.001)  

World 100-199    -0.0004 -0.0004 0.0001  

    (0.001) (0.001) (0.001)  

Days of Account    -0.0001*** -0.0001*** -0.0001***  

    (0.000) (0.000) (0.000)  

Resume Completeness     -0.0022*** -0.0008*** -0.0006***  

    (0.000) (0.000) (0.000)  

Membership    -0.0017*** -0.0012*** -0.0010***  

    (0.000) (0.000) (0.000)  

Elite    -0.0044*** -0.0007 -0.0005  

    (0.001) (0.001) (0.001)  

Batch Apply    -0.0169*** -0.0140*** -0.0122*** -0.0050*** 

    (0.001) (0.000) (0.000) (0.000) 

Lens*1    0.0227*** 0.0198*** 0.0185*** 0.0159*** 

    (0.001) (0.001) (0.001) (0.001) 

Lens*2    0.0241*** 0.0216*** 0.0199*** 0.0211*** 

    (0.002) (0.002) (0.002) (0.002) 

Number of Application    -0.0000 -0.0000***   

    (0.000) (0.000)   

        

Time, Location FE     Yes   

Job Ind & Occ FE     Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 

R2 0.001 0.003 0.007 0.009 0.205 0.350 0.484 
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Table B.18: The Effect of Wage Disclosure on Becoming a Recruiting Target (Panel 

B) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage2 0.0057*** 0.0054*** 0.0042*** 0.0054*** 0.0046*** 0.0050*** 0.0024*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Disclose* UnderWage2 -0.0032*** -0.0047*** -0.0029*** -0.0024*** -0.0029*** -0.0028*** -0.0011 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage2 -0.0028*** -0.0043*** -0.0030*** -0.0023*** -0.0029*** -0.0031*** -0.0022** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Male  -0.0009 0.0002 0.0009 -0.0011*** -0.0012***  

  (0.001) (0.001) (0.001) (0.000) (0.000)  

Job Wage lower bound  -0.0003** -0.0003** -0.0004*** -0.0003***   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage upper bound  0.0001 0.0001 0.0002* 0.0001**   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage hidden  -0.0014 -0.0011 -0.0007 0.0009   

  (0.002) (0.002) (0.002) (0.001)   

Job Age lower bound  0.0010** 0.0013*** 0.0011*** 0.0013***   

  (0.000) (0.000) (0.000) (0.000)   

Job Age upper bound  -0.0005** -0.0006** -0.0005* -0.0007***   

  (0.000) (0.000) (0.000) (0.000)   

Job experience  -0.0007* -0.0007* -0.0005 0.0000   

  (0.000) (0.000) (0.000) (0.000)   

Job Tongzhao Degree  0.0063*** 0.0075*** 0.0072*** 0.0037***   

  (0.002) (0.002) (0.002) (0.001)   

Job Subordinate #  0.0031** 0.0030** 0.0030** 0.0003   

  (0.001) (0.001) (0.001) (0.001)   

Job Feedback days  0.0015** 0.0014** 0.0013** -0.0006***   

  (0.001) (0.001) (0.001) (0.000)   

Job Post doc  0.2837*** 0.3066*** 0.3015*** -0.0563   

  (0.004) (0.004) (0.005) (0.041)   

Job Phd  0.0134 0.0287*** 0.0252*** 0.0264***   

  (0.009) (0.009) (0.009) (0.007)   

Job MBA  0.0717 0.0887 0.0850 0.0840   

  (0.065) (0.063) (0.062) (0.065)   

Job Master  0.0168** 0.0231*** 0.0211** 0.0158***   

  (0.008) (0.008) (0.009) (0.003)   

Job Bachelor  -0.0059 -0.0045 -0.0048 0.0053***   

  (0.004) (0.004) (0.004) (0.002)   

Job Tech college  0.0096** 0.0057 0.0051 0.0023   

  (0.004) (0.004) (0.004) (0.002)   

Job Secondary  0.0512*** 0.0468*** 0.0442*** -0.0045   

  (0.011) (0.011) (0.012) (0.005)   

Job High School  0.5679*** 0.5612*** 0.5586*** -0.0833   

  (0.042) (0.042) (0.042) (0.059)   

Worker over edu    0.0050*** 0.0050*** 0.0037*** 0.0037*** 0.0044*** 

Appendix for "Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages?"
Chapter B

308



 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

Worker under edu    -0.0218*** -0.0193*** -0.0192*** -0.0201*** -0.0162*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Mis tongzhao degree   -0.0118*** -0.0106*** -0.0092*** -0.0091*** -0.0032*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

Worker over age   -0.0275*** -0.0239*** -0.0262*** -0.0286*** -0.0135*** 

   (0.003) (0.003) (0.002) (0.002) (0.002) 

Worker under age   -0.0130*** -0.0132*** -0.0167*** -0.0124*** -0.0107*** 

   (0.004) (0.005) (0.003) (0.003) (0.003) 

Mis gender   -0.0292*** -0.0291*** -0.0329*** -0.0346*** -0.0289*** 

   (0.004) (0.004) (0.004) (0.005) (0.004) 

Worker under exp   -0.0079*** -0.0089*** -0.0090*** -0.0093*** -0.0114*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

City: job = desired   -0.0047*** -0.0047*** -0.0007 -0.0004 -0.0003 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

City: job = now   -0.0024*** -0.0015* 0.0010* 0.0007 0.0017* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = desired   0.0039*** 0.0026*** 0.0019*** 0.0020*** 0.0019** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = now   0.0039*** 0.0028*** 0.0038*** 0.0046*** 0.0015* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Main ind: job = desired   -0.0053*** -0.0020 0.0050*** 0.0067*** 0.0050*** 

   (0.001) (0.002) (0.000) (0.000) (0.000) 

Main ind: job = now   0.0113*** 0.0087*** 0.0054*** 0.0060*** 0.0039*** 

   (0.002) (0.001) (0.000) (0.000) (0.001) 

Sub ind: job = desired   -0.0017* -0.0038*** -0.0004 -0.0005 -0.0009** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub ind: job = now   0.0031** 0.0043*** 0.0071*** 0.0074*** 0.0053*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

Main occ: job = desired   0.0062*** 0.0050*** 0.0022*** 0.0026*** 0.0024*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Main occ: job = now   0.0074*** 0.0075*** 0.0076*** 0.0081*** 0.0051*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = desired   0.0023*** 0.0017** 0.0031*** 0.0033*** 0.0020*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = now   0.0026*** 0.0021*** 0.0041*** 0.0046*** 0.0041*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Single    0.0105*** 0.0007 0.0001  

    (0.001) (0.000) (0.000)  

Married    0.0095*** -0.0002 -0.0008*  

    (0.001) (0.000) (0.000)  

Intensively Search    0.0049*** 0.0053*** 0.0053***  

    (0.000) (0.000) (0.000)  

Moderately Search    0.0069*** 0.0064*** 0.0063***  

    (0.000) (0.000) (0.000)  

Stay    0.0201*** 0.0197*** 0.0153**  

    (0.008) (0.007) (0.007)  

985/211 school    0.0007 0.0010*** 0.0010***  
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    (0.001) (0.000) (0.000)  

Tenure 1    -0.0007*** -0.0010*** -0.0010***  

    (0.000) (0.000) (0.000)  

Tenure 2    -0.0002*** -0.0006*** -0.0006***  

    (0.000) (0.000) (0.000)  

Domestic 1-19    0.0016** 0.0021*** 0.0022***  

    (0.001) (0.001) (0.000)  

Domestic 20-39    0.0012* 0.0015*** 0.0015***  

    (0.001) (0.001) (0.001)  

Domestic 40-59    0.0021** 0.0018*** 0.0017***  

    (0.001) (0.001) (0.001)  

Domestic 60-99    0.0024*** 0.0025*** 0.0027***  

    (0.001) (0.000) (0.000)  

Domestic 100-199    0.0015*** 0.0022*** 0.0023***  

    (0.000) (0.000) (0.000)  

World 1-19    0.0162*** 0.0183*** 0.0186***  

    (0.005) (0.004) (0.004)  

World 20-39    0.0047* 0.0057*** 0.0060***  

    (0.003) (0.002) (0.002)  

World 40-59    -0.0028* -0.0006 -0.0007  

    (0.001) (0.001) (0.001)  

World 60-99    0.0017 0.0002 0.0004  

    (0.002) (0.001) (0.001)  

World 100-199    -0.0003 -0.0004 0.0001  

    (0.001) (0.001) (0.001)  

Days of Account    -0.0000* -0.0001*** -0.0001***  

    (0.000) (0.000) (0.000)  

Resume Completeness     -0.0022*** -0.0008*** -0.0006***  

    (0.000) (0.000) (0.000)  

Membership    -0.0015*** -0.0011*** -0.0010***  

    (0.000) (0.000) (0.000)  

Elite    -0.0044*** -0.0007 -0.0005  

    (0.001) (0.001) (0.001)  

Batch Apply    -0.0169*** -0.0140*** -0.0122*** -0.0050*** 

    (0.001) (0.000) (0.000) (0.000) 

Lens*1    0.0226*** 0.0198*** 0.0185*** 0.0159*** 

    (0.001) (0.001) (0.001) (0.001) 

Lens*2    0.0240*** 0.0216*** 0.0199*** 0.0210*** 

    (0.002) (0.002) (0.002) (0.002) 

Number of Application    -0.0000 -0.0000***   

    (0.000) (0.000)   

        

Time, Location FE     Yes   

Job Ind & Occ FE     Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 

R2 0.000 0.003 0.006 0.009 0.205 0.350 0.484 
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Table B.19: The Effect of Wage Disclosure on Becoming a Recruiting Target (Panel 

C) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage3 0.0073*** 0.0072*** 0.0067*** 0.0069*** 0.0066*** 0.0069*** 0.0019*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Disclose* UnderWage3 -0.0037*** -0.0048*** -0.0031*** -0.0023*** -0.0027*** -0.0025*** -0.0014 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage3 -0.0035*** -0.0047*** -0.0032*** -0.0025*** -0.0032*** -0.0034*** -0.0025** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Male  -0.0007 0.0005 0.0012* -0.0004 -0.0006*  

  (0.001) (0.001) (0.001) (0.000) (0.000)  

Job Wage lower bound  -0.0004** -0.0004** -0.0004*** -0.0003***   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage upper bound  0.0002 0.0001 0.0002* 0.0001**   

  (0.000) (0.000) (0.000) (0.000)   

Job Wage hidden  -0.0004 -0.0001 0.0001 0.0008   

  (0.002) (0.002) (0.002) (0.001)   

Job Age lower bound  0.0009** 0.0011** 0.0010** 0.0014***   

  (0.000) (0.000) (0.000) (0.000)   

Job Age upper bound  -0.0005* -0.0005* -0.0004 -0.0008***   

  (0.000) (0.000) (0.000) (0.000)   

Job experience  -0.0006 -0.0006 -0.0004 0.0001   

  (0.000) (0.000) (0.000) (0.000)   

Job Tongzhao Degree  0.0068*** 0.0079*** 0.0076*** 0.0039***   

  (0.002) (0.002) (0.002) (0.001)   

Job Subordinate #  0.0031** 0.0030** 0.0029** 0.0003   

  (0.001) (0.001) (0.001) (0.001)   

Job Feedback days  0.0016** 0.0016** 0.0015** -0.0006***   

  (0.001) (0.001) (0.001) (0.000)   

Job Post doc  - - - -   

        

Job Phd  0.0098 0.0268*** 0.0235** 0.0251***   

  (0.010) (0.010) (0.010) (0.008)   

Job MBA  0.0811 0.0978 0.0940 0.0861   

  (0.068) (0.065) (0.065) (0.068)   

Job Master  0.0200** 0.0260*** 0.0236** 0.0166***   

  (0.009) (0.009) (0.009) (0.003)   

Job Bachelor  -0.0032 -0.0022 -0.0027 0.0061***   

  (0.005) (0.005) (0.005) (0.002)   

Job Tech college  0.0113** 0.0065 0.0062 0.0023   

  (0.005) (0.005) (0.005) (0.002)   

Job Secondary  0.0663*** 0.0599*** 0.0583*** -0.0017   

  (0.015) (0.015) (0.016) (0.007)   

Job High School  0.5687*** 0.5613*** 0.5590*** -0.1142*   

  (0.044) (0.044) (0.044) (0.060)   

Worker over edu    0.0059*** 0.0056*** 0.0043*** 0.0044*** 0.0041*** 
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   (0.001) (0.001) (0.000) (0.000) (0.001) 

Worker under edu    -0.0219*** -0.0192*** -0.0191*** -0.0199*** -0.0152*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Mis tongzhao degree   -0.0111*** -0.0101*** -0.0087*** -0.0088*** -0.0032*** 

   (0.001) (0.001) (0.001) (0.000) (0.001) 

Worker over age   -0.0257*** -0.0226*** -0.0249*** -0.0277*** -0.0134*** 

   (0.003) (0.003) (0.002) (0.003) (0.002) 

Worker under age   -0.0140*** -0.0140*** -0.0177*** -0.0137*** -0.0116*** 

   (0.005) (0.005) (0.003) (0.003) (0.003) 

Mis gender   -0.0286*** -0.0284*** -0.0328*** -0.0344*** -0.0282*** 

   (0.004) (0.004) (0.005) (0.006) (0.004) 

Worker under exp   -0.0088*** -0.0095*** -0.0092*** -0.0097*** -0.0113*** 

   (0.001) (0.001) (0.000) (0.000) (0.001) 

City: job = desired   -0.0046*** -0.0046*** -0.0011** -0.0008 -0.0002 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

City: job = now   -0.0015 -0.0008 0.0013** 0.0007 0.0017* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = desired   0.0040*** 0.0029*** 0.0024*** 0.0022*** 0.0015 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Province: job = now   0.0035*** 0.0024** 0.0037*** 0.0046*** 0.0017* 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Main ind: job = desired   -0.0049*** -0.0018 0.0051*** 0.0066*** 0.0051*** 

   (0.001) (0.002) (0.000) (0.000) (0.000) 

Main ind: job = now   0.0109*** 0.0085*** 0.0051*** 0.0056*** 0.0036*** 

   (0.002) (0.001) (0.000) (0.000) (0.001) 

Sub ind: job = desired   -0.0021* -0.0040*** -0.0006 -0.0006* -0.0009** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub ind: job = now   0.0029** 0.0039*** 0.0073*** 0.0077*** 0.0056*** 

   (0.001) (0.001) (0.001) (0.000) (0.001) 

Main occ: job = desired   0.0064*** 0.0052*** 0.0019*** 0.0023*** 0.0021*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Main occ: job = now   0.0075*** 0.0076*** 0.0074*** 0.0079*** 0.0049*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = desired   0.0023** 0.0017** 0.0031*** 0.0031*** 0.0019*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Sub occ: job = now   0.0020*** 0.0017** 0.0037*** 0.0044*** 0.0040*** 

   (0.001) (0.001) (0.000) (0.000) (0.000) 

Single    0.0101*** 0.0004 -0.0001  

    (0.001) (0.000) (0.000)  

Married    0.0095*** -0.0002 -0.0007  

    (0.001) (0.000) (0.000)  

Intensively Search    0.0052*** 0.0053*** 0.0053***  

    (0.000) (0.000) (0.000)  

Moderately Search    0.0069*** 0.0064*** 0.0063***  

    (0.000) (0.000) (0.000)  

Stay    0.0224*** 0.0206*** 0.0153**  

    (0.008) (0.007) (0.007)  

985/211 school    0.0009* 0.0013*** 0.0012***  
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    (0.001) (0.000) (0.000)  

Tenure 1    -0.0005*** -0.0009*** -0.0008***  

    (0.000) (0.000) (0.000)  

Tenure 2    -0.0002*** -0.0005*** -0.0005***  

    (0.000) (0.000) (0.000)  

Domestic 1-19    0.0019*** 0.0021*** 0.0023***  

    (0.001) (0.001) (0.001)  

Domestic 20-39    0.0011 0.0012** 0.0014***  

    (0.001) (0.001) (0.001)  

Domestic 40-59    0.0020** 0.0017** 0.0016**  

    (0.001) (0.001) (0.001)  

Domestic 60-99    0.0026*** 0.0025*** 0.0026***  

    (0.001) (0.000) (0.000)  

Domestic 100-199    0.0016*** 0.0021*** 0.0022***  

    (0.000) (0.000) (0.000)  

World 1-19    0.0164*** 0.0186*** 0.0187***  

    (0.005) (0.004) (0.004)  

World 20-39    0.0039 0.0046** 0.0054***  

    (0.003) (0.002) (0.002)  

World 40-59    -0.0028* -0.0003 -0.0006  

    (0.002) (0.001) (0.001)  

World 60-99    0.0019 0.0004 0.0003  

    (0.002) (0.001) (0.001)  

World 100-199    -0.0004 -0.0003 0.0000  

    (0.001) (0.001) (0.001)  

Days of Account    -0.0000 -0.0001*** -0.0001***  

    (0.000) (0.000) (0.000)  

Resume Completeness     -0.0021*** -0.0008*** -0.0007***  

    (0.000) (0.000) (0.000)  

Membership    -0.0015*** -0.0011*** -0.0010***  

    (0.000) (0.000) (0.000)  

Elite    -0.0029** 0.0000 0.0001  

    (0.001) (0.001) (0.001)  

Batch Apply    -0.0157*** -0.0126*** -0.0114*** -0.0045*** 

    (0.001) (0.000) (0.000) (0.000) 

Lens*1    0.0216*** 0.0188*** 0.0179*** 0.0158*** 

    (0.001) (0.001) (0.001) (0.001) 

Lens*2    0.0238*** 0.0213*** 0.0200*** 0.0205*** 

    (0.002) (0.002) (0.002) (0.002) 

Number of Application    -0.0000 -0.0000***   

    (0.000) (0.000)   

        

Time, Location FE     Yes   

Job Ind & Occ FE     Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

‘Effective’ N 3,263,843 3,263,843 3,263,843 3,263,843 3,263,649 3,254,545 2,987,419 

R2 0.000 0.003 0.007 0.009 0.215 0.334 0.471 
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B.5.4 Robustness Check on Employer’s Response

Figure B.12: Effects of OverWage on Target by Firm Size

Figure B.12a: Coefficients of Overwage on Target

Figure B.12b: Coefficients of Underwage*Disclose on Target
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Figure B.12c: Coefficients of Overwage*Disclose on Target

Figure B.13: Effects of OverWage on Target by Industry Tightness

Figure B.13a: Coefficients of Overwage on Target
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Figure B.13b: Coefficients of Underwage*Disclose on Target

Figure B.13c: Coefficients of Overwage*Disclose on Target
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Figure B.14: Effects of OverWage on Target by Occupation Tightness

Figure B.14a: Coefficients of Overwage on Target

Figure B.14b: Coefficients of Underwage*Disclose on Target
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Figure B.14c: Coefficients of Overwage*Disclose on Target

Notes:

1. Tight industries include Advertising/Marketing, Finance, Automobiles/Manufacturing,
and Government/Agriculture. Moderate industries include Transportation/Trade, Pro-
fessional Services, Commodity, and Real Estate/Construction. Slack industries in-
clude Electronics/Computer Hardware, Internet/Computer Software, Energy and Med-
ical/Pharmaceuticals.

2. Tight occupations include Traffic Service, Film Entertainment/Media, Official/Public
Service/Science Research, Hospitality/Restaurant/Entertainment, Translator, Bank-
ing, Telecommunication/Communication Technology, Manufacturing/Operation,
Tourism/Exit and Entry Service, Fund/Security/Futures/Investments, Project Manage-
ment, Senior Management, Construction, Electricity/Energy/Mining, Automotive Sales
and Service, Mechanical Design/Production/Maintenance, IT Management/Project
Coordination, Apparels/Textiles/Leather Goods. Moderate occupations include Au-
tomobile Manufacture, Department Store/Chain Shops/Retail, Logistics/Warehouse,
Accounting/Auditing/Taxation, Writing/Newspaper/Publishing/Printing, Purchas-
ing/Trade, Environmental Science/Environmental, Advertising/Exhibition, Hospi-
tal/Medicine/Nursing, Consultant/Research, Electronics/Wiring/Semiconductor,
Chemical, Marketing, Real Estate Development, Public Relations/Media,
Trust/Guarantee/Auction/Pawn Business, Agriculture/Forestry/Animal Husbandry/F,
Human Resource, Real Estate Agent/Broker. Slack occupations include Prod-
uct/Operation/Design, IT QA/Testing/Configuration Management, Admin./Support
Services/Secretarial, Education/Training, Sales Management, Legal/Compliance,
Property Management, Intern/Trainee/Associate Trainee, Quality Management/Safety
Protection, Biotechnology/Pharmaceuticals/Medical E, Art/Design, Insurance, IT
Operation/Technical Support, Customer Service/Technical Support, Software Develop-
ment/System Integration, Salespersons, Hardware Development, Sales Administration.
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Table B.20: The Effect of Wage Disclosure on Becoming a Recruiting Target 

(OverWage2 in Viewed Sample) 

Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

Note: In Section 4.2, Approach 2 derives the expectation on candidates’ wage as the median 

wage of all applicants. Here we use the revealed median wage as the expected wage, and 

define Overwage2 = 1 if the worker has a wage above the median wage of applicants who 

choose to disclose. The specifications are the sample with Panel B in Table 2. 

 

 

 

 

 

 

 

 (1) (2) (3) (4) (5) (6) (7) 

 

Disclose 0.0054*** 0.0052*** 0.0041*** 0.0049*** 0.0044*** 0.0047*** 0.0019*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

OverWage2 -0.0036*** -0.0051*** -0.0034*** -0.0025*** -0.0027*** -0.0027*** -0.0020 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

Disclose* OverWage2 -0.0031*** -0.0046*** -0.0034*** -0.0025*** -0.0027*** -0.0026*** -0.0026** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker Characteristics    Yes Yes Yes  

City, Time, Ind & Occ 

FE 

    Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 
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B.5.5 Heterogeneity of Employer’s Response
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Table B.21: The Effect of Gender on Becoming a Recruiting Target 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

OverWage1 0.0111*** 0.0092*** 0.0082*** 0.0091*** 0.0067*** 0.0070*** 0.0048*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001) 

Disclose*UnderWage1 -0.0020*** -0.0031*** -0.0013* -0.0010 -0.0024*** -0.0022*** 0.0002 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose*OverWage1 -0.0028*** -0.0042*** -0.0027*** -0.0024*** -0.0030*** -0.0035*** -0.0018 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Male*UnderWage1 0.0005 0.0008 0.0019 0.0024*** -0.0001 -0.0001 0.0071 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.005) 

Male*OverWage1 -0.0017 -0.0016 -0.0006 0.0002 -0.0017*** -0.0021*** 0.0047 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.005) 

Male*Disclose* 

UnderWage1 

-0.0021*** -0.0024*** -0.0025*** -0.0021** -0.0010 -0.0011** -0.0021 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Male*Disclose*OverWage1 0.0000 -0.0001 -0.0004 -0.0001 0.0001 0.0006 -0.0009 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Panel B 

OverWage2 0.0061*** 0.0056*** 0.0045*** 0.0057*** 0.0047*** 0.0053*** 0.0037*** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) 

Disclose*UnderWage2 -0.0025*** -0.0039*** -0.0021*** -0.0018*** -0.0026*** -0.0023*** 0.0000 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose*OverWage2 -0.0020*** -0.0034*** -0.0019*** -0.0014** -0.0027*** -0.0033*** -0.0016 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Male*UnderWage2 -0.0003 -0.0002 0.0010 0.0016** -0.0008* -0.0007* 0.0072 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.005) 

Male*OverWage2 -0.0010 -0.0005 0.0005 0.0010 -0.0010** -0.0014*** 0.0049 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.005) 

Male*Disclose*UnderWage2 -0.0011 -0.0014* -0.0014* -0.0010 -0.0005 -0.0009 -0.0020 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Male*Disclose*OverWage2 -0.0011 -0.0013* -0.0016** -0.0013* -0.0003 0.0004 -0.0010 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

 

Panel C 

OverWage3 0.0069*** 0.0067*** 0.0064*** 0.0067*** 0.0065*** 0.0069*** 0.0030*** 

 (0.000) (0.000) (0.000) (0.001) (0.000) (0.000) (0.001) 

Disclose*UnderWage3 -0.0030*** -0.0039*** -0.0021*** -0.0015** -0.0021*** -0.0019*** 0.0001 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose*OverWage3 -0.0035*** -0.0045*** -0.0030*** -0.0025*** -0.0036*** -0.0039*** -0.0022 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Male*UnderWage3 -0.0008 -0.0008 0.0006 0.0012* -0.0005 -0.0006 0.0078 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.005) 

Male*OverWage3 -0.0000 0.0001 0.0011 0.0017** -0.0003 -0.0005 0.0059 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.005) 
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Male*Disclose*UnderWage3 -0.0009 -0.0013* -0.0015** -0.0012 -0.0008 -0.0009 -0.0026 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

Male*Disclose*OverWage3 -0.0000 -0.0002 -0.0004 -0.0002 0.0006 0.0008 -0.0003 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker Characteristics    Yes Yes Yes  

City, Time, Ind & Occ FE     Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 3,542,049 3,542,049 3,542,049 3,542,049 3,541,342 3,486,460 3,201,726 
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Table B.22: The Effect of Wage Disclosure on Becoming a Recruiting Target  

Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

Note: This table runs the regressions of Table 2 in the batch application sample.  

 

 

 (1) (2) (3) (4) (5) (6) (7) 

Panel A 

OverWage1 0.0071*** 0.0054*** 0.0046*** 0.0053*** 0.0037*** 0.0039*** 0.0029*** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) 

Disclose* UnderWage1 -0.0022*** -0.0028*** -0.0016*** -0.0018*** -0.0020*** -0.0020*** -0.0022 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose* OverWage1 -0.0013** -0.0021*** -0.0012** -0.0014** -0.0015*** -0.0015*** -0.0023 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Panel B 

OverWage2 0.0048*** 0.0044*** 0.0035*** 0.0042*** 0.0031*** 0.0033*** 0.0024*** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) 

Disclose* UnderWage2 -0.0019*** -0.0027*** -0.0015** -0.0017*** -0.0022*** -0.0023*** -0.0023 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose* OverWage2 -0.0014** -0.0022*** -0.0014** -0.0015*** -0.0014*** -0.0013*** -0.0022 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Panel C 

OverWage3 0.0061*** 0.0057*** 0.0053*** 0.0054*** 0.0048*** 0.0051*** 0.0015** 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.001) 

Disclose* UnderWage3 -0.0026*** -0.0032*** -0.0021*** -0.0022*** -0.0023*** -0.0021*** -0.0028 

 (0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.002) 

Disclose* OverWage3 -0.0011* -0.0018*** -0.0008 -0.0010 -0.0011** -0.0012** -0.0020 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.002) 

        

Job Characteristics  Yes Yes Yes Yes   

Job Match   Yes Yes Yes Yes Yes 

Worker Characteristics    Yes Yes Yes  

City, Time, Ind & Occ FE     Yes   

Firm FE     Yes   

Job FE      Yes Yes 

Worker FE       Yes 

        

‘Effective’ N 907,165 907,165 907,165 907,165 906,003 880,385 806,015 
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Table B.23: The Effect of Wage Disclosure on the Lower Posted Wage in Successful 

Applications  

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: This table  has the same identifications in Table 3. The outcome variable is the lower 

bound of posted wage in successful applications.  

 (1) (2) (3) (4) (5) (6) (7) 

 
Panel A 

OverWage1 0.6655*** 1.2961*** 1.2996*** 1.2875*** 1.2850*** 1.2599*** 1.3047*** 

 (0.169) (0.218) (0.214) (0.212) (0.212) (0.210) (0.186) 

Disclose* UnderWage1 -3.0674*** -2.1542*** -1.8795*** -1.4862*** -1.4593*** -1.2258*** -0.4616 

 (0.102) (0.071) (0.070) (0.069) (0.069) (0.069) (0.332) 

Disclose* OverWage1 -2.0878*** 0.4605*** 0.3577*** 0.4430*** 0.3517*** 0.3117*** 0.2800*** 

 (0.044) (0.050) (0.049) (0.048) (0.048) (0.046) (0.108) 

 
Panel B 

OverWage2 0.2828*** 0.7747*** 0.7759*** 0.7713*** 0.7691*** 0.7465*** 0.7800*** 

 (0.065) (0.167) (0.161) (0.158) (0.157) (0.153) (0.145) 

Disclose* UnderWage2 -2.9134*** -2.2547*** -1.9853*** -1.4519*** -1.4180*** -1.1841*** -0.5199* 

 (0.079) (0.061) (0.060) (0.057) (0.057) (0.056) (0.337) 

Disclose* OverWage2 -2.4339*** -0.1061* 0.0647 0.3973*** 0.3092*** 0.2730*** 0.2933*** 

 (0.069) (0.058) (0.057) (0.058) (0.058) (0.056) (0.102) 

 
Panel C 

OverWage3 0.3208*** 1.4362*** 1.0583*** 1.9317*** 1.9071*** 1.5799*** 1.3787*** 

 (0.071) (0.151) (0.145) (0.141) (0.140) (0.140) (0.133) 

Disclose* UnderWage3 -2.6339*** -1.8527*** -1.7370*** -1.3184*** -1.2875*** -1.0970*** -0.2424 

 (0.082) (0.063) (0.062) (0.060) (0.060) (0.059) (0.346) 

Disclose* OverWage3 -2.4898*** 0.0010 0.0839 0.3526*** 0.3569*** 0.3952*** 0.2169** 

 (0.079) (0.066) (0.064) (0.063) (0.063) (0.062) (0.111) 

        

Wage & Gender  Yes Yes Yes Yes Yes  

Demographics   Yes Yes Yes Yes  

Edu, Exp, 

Classification 

   Yes Yes Yes  

Match & Application     Yes Yes  

City, Time, Ind & Occ 

FE 

     Yes  

Worker FE        Yes 

        

‘Effective’ N 417,723 417,723 417,723 417,723 417,723 417,676 266,713 
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Table B.24: The Effect of Wage Disclosure on the Upper Posted Wage in Successful 

Applications  

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: This table has the same identifications in Table 3. The outcome variable is the lower 

bound of posted wage in successful applications. 

 (1) (2) (3) (4) (5) (6) (7) 

 
Panel A 

OverWage1 0.8415*** 1.7594*** 1.7642*** 1.7394*** 1.7354*** 1.6905*** 1.7239*** 

 (0.206) (0.236) (0.231) (0.229) (0.229) (0.227) (0.212) 

Disclose* UnderWage1 -4.8403*** -3.5362*** -3.1159*** -2.3313*** -2.3051*** -1.7793*** -0.3813 

 (0.140) (0.099) (0.097) (0.093) (0.093) (0.089) (0.305) 

Disclose* OverWage1 -3.5035*** 0.1847*** 0.4810*** 0.4448*** 0.3459*** 0.2381*** 0.2051* 

 (0.073) (0.062) (0.062) (0.061) (0.061) (0.060) (0.110) 

 
Panel B 

OverWage2 0.4278*** 1.1447*** 1.1502*** 1.1460*** 1.1427*** 1.1104*** 1.1997*** 

 (0.092) (0.192) (0.186) (0.182) (0.181) (0.175) (0.179) 

Disclose* UnderWage2 -4.7465*** -3.7932*** -3.3678*** -2.3547*** -2.3184*** -1.7865*** -0.5931* 

 (0.115) (0.090) (0.087) (0.081) (0.081) (0.077) (0.313) 

Disclose* OverWage2 -3.8698*** -0.4445*** -0.1842** 0.4241*** 0.4296*** 0.3314*** 0.2894*** 

 (0.098) (0.074) (0.074) (0.074) (0.074) (0.072) (0.098) 

 
Panel C 

OverWage3 0.4404*** 1.4853*** 1.0150*** 1.8062*** 1.7653*** 1.1559*** 1.1389*** 

 (0.096) (0.173) (0.166) (0.160) (0.159) (0.157) (0.164) 

Disclose* UnderWage3 -4.2659*** -3.1348*** -2.9506*** -2.1419*** -2.1090*** -1.6538*** -0.1423 

 (0.117) (0.091) (0.090) (0.084) (0.084) (0.080) (0.328) 

Disclose* OverWage3 -3.9091*** -0.2636*** -0.1288 0.3837*** 0.3759*** 0.3346*** 0.2930** 

 (0.112) (0.085) (0.084) (0.082) (0.082) (0.081) (0.118) 

        

Wage & Gender  Yes Yes Yes Yes Yes  

Demographics   Yes Yes Yes Yes  

Edu, Exp, 

Classification 

   Yes Yes Yes  

Match & Application     Yes Yes  

City, Time, Ind & Occ 

FE 

     Yes  

Worker FE        Yes 

        

‘Effective’ N 417,723 417,723 417,723 417,723 417,723 417,676 266,713 
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Table B.25: The Effect of Wage Disclosure on the Posted Wage in Successful 

Applications (OverWage2 in Viewed Sample) 

Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: Note: In Section 4.2, Approach 2 derives the expectation on candidates’ wage as the 

median wage of all applicants. Here we use the revealed median wage as the expected 

wage, and define Overwage2 = 1 if the worker has a wage above the median wage of 

applicants who choose to disclose. The specifications are the sample with Panel B in Table 

3. 

 

 

 

 

 

 

 (1) (2) (3) (4) (5) (6) (7) 

 
 

OverWage2 0.2969*** 0.8406*** 0.8711*** 0.8017*** 0.8762*** 0.8284*** 0.8813*** 

 (0.093) (0.156) (0.149) (0.145) (0.144) (0.141) (0.174) 

Disclose* UnderWage2 -3.6396*** -2.6756*** -2.3182*** -1.3962*** -1.3514*** -1.0804*** -0.3728 

 (0.128) (0.102) (0.098) (0.091) (0.092) (0.088) (0.315) 

Disclose* OverWage2 -2.7042*** -0.1872** 0.0588 0.3439*** 0.352*** 0.2416*** 0.2355** 

 (0.105) (0.077) (0.074) (0.073) (0.072) (0.071) (0.106) 

        

Wage & Gender  Yes Yes Yes Yes Yes  

Demographics   Yes Yes Yes Yes  

Edu, Exp, 

Classification 

   Yes Yes Yes  

Match & Application     Yes Yes  

City, Time, Ind & Occ 

FE 

     Yes  

Worker FE        Yes 

        

‘Effective’ N 417,723 417,723 417,723 417,723 417,723 417,676 266,713 
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Table B.26: The Effect of Wage Disclosure on the Posted Wage in Successful 

Applications (Panel A) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage1 0.7536*** 1.5278*** 1.5319*** 1.5135*** 1.5102*** 1.4752*** 1.3143*** 

 (0.186) (0.224) (0.220) (0.218) (0.218) (0.216) (0.196) 

Disclose* UnderWage1 -3.9539*** -2.8452*** -2.4977*** -1.9087*** -1.8822*** -1.5025*** -0.4215 

 (0.120) (0.083) (0.082) (0.079) (0.079) (0.077) (0.261) 

Disclose* OverWage1 -2.7956*** 0.3226*** 0.5693*** 0.4939*** 0.4988*** 0.3249*** 0.2925** 

 (0.058) (0.054) (0.054) (0.053) (0.053) (0.052) (0.136) 

Worker wage  0.7602*** 0.7055*** 0.6632*** 0.6624*** 0.5893***  

  (0.010) (0.010) (0.010) (0.010) (0.010)  

Male  1.4857*** 0.8868*** 0.8234*** 0.8223*** 0.8498***  

  (0.062) (0.060) (0.056) (0.056) (0.049)  

Age   1.2152*** 0.0961 0.0830 0.2551***  

   (0.087) (0.094) (0.094) (0.086)  

Age^2   -0.0128*** 0.0012 0.0014 -0.0008  

   (0.001) (0.001) (0.001) (0.001)  

Single    1.0103*** 0.8507*** 0.9541*** 0.9389***  

   (0.142) (0.140) (0.119) (0.112)  

Married   0.3949*** 0.1826*** 0.1985*** 0.3172***  

   (0.064) (0.062) (0.061) (0.059)  

Worker experience    0.2909*** 0.2898*** 0.2993***  

    (0.033) (0.033) (0.033)  

Worker experience^2    -0.0067*** -0.0067*** -0.0071***  

    (0.001) (0.001) (0.002)  

Post doc    6.2594*** 6.2473*** 6.4114***  

    (1.495) (1.494) (1.531)  

Phd    4.8296*** 4.8133*** 4.5209***  

    (0.760) (0.759) (0.755)  

MBA    2.3303*** 2.3414*** 1.6685***  

    (0.560) (0.559) (0.550)  

Master    1.9186*** 1.9069*** 1.2330**  

    (0.518) (0.518) (0.520)  

Bachelor    0.4739 0.4710 0.1201  

    (0.515) (0.515) (0.520)  

Tech college    -0.7841 -0.7771 -0.9286*  

    (0.515) (0.514) (0.520)  

Secondary    -0.9534* -0.9675* -0.9151*  

    (0.556) (0.556) (0.552)  

Tongzhao     0.5369*** 0.5280*** 0.6144***  

    (0.065) (0.065) (0.064)  

985/211    0.2757*** 0.2708*** 0.2733***  

    (0.090) (0.090) (0.088)  

Intensively Search    0.4056*** 0.4241*** 0.5725***  

    (0.051) (0.051) (0.050)  

Moderately Search    2.5845*** 2.5359** 2.1926**  
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    (0.983) (0.985) (0.966)  

Stay    1.1475*** 1.1460*** 1.3351***  

    (0.047) (0.047) (0.045)  

Tenure 1    -0.0676*** -0.0688*** -0.0143  

    (0.012) (0.012) (0.012)  

Tenure 2    -0.0901*** -0.0890*** -0.0181  

    (0.013) (0.013) (0.013)  

Domes 1-19    0.5792*** 0.5691*** 0.4617***  

    (0.114) (0.114) (0.114)  

Domes 20-39    0.2515** 0.2569** 0.2211*  

    (0.122) (0.121) (0.117)  

Domes 40-59    -0.2015 -0.1956 -0.1653  

    (0.123) (0.123) (0.122)  

Domes 60-99    0.2891*** 0.2872*** 0.0512  

    (0.099) (0.099) (0.099)  

Dome 100-199    0.0225 0.0390 0.1317**  

    (0.057) (0.057) (0.056)  

World 1-19    1.5763** 1.5816** 1.2287  

    (0.802) (0.805) (0.762)  

World 20-39    -0.9900*** -0.9713*** -0.5491*  

    (0.329) (0.329) (0.323)  

World 40-59    1.6619*** 1.6233*** 0.9830***  

    (0.286) (0.286) (0.277)  

World 60-99    1.0247*** 0.9828*** 0.7803***  

    (0.304) (0.304) (0.290)  

World 100-199    0.0820 0.0951 0.0203  

    (0.151) (0.151) (0.142)  

Account days    0.0704*** 0.0699*** 0.0617***  

    (0.004) (0.004) (0.004)  

Resume Completeness     0.4350*** 0.4447*** 0.2893***  

    (0.035) (0.035) (0.034)  

Membership    0.2400*** 0.2477*** 0.1361**  

    (0.064) (0.063) (0.062)  

Elite    3.7453*** 3.7306*** 3.0660***  

    (0.078) (0.078) (0.077)  

Batch Apply     -0.0391 -0.2539***  

     (0.073) (0.073)  

Lens*1     -0.4317*** -0.1001  

     (0.084) (0.082)  

Lens*2     0.0765 0.2103  

     (0.137) (0.135)  

Log (wage gap)     0.0098*** 0.0086***  

     (0.003) (0.002)  

City Match     0.6631*** -0.3943***  

     (0.096) (0.092)  

Province Match     -0.3730*** -0.2342**  

     (0.105) (0.100)  

Main Industry Match     0.4683*** -0.0439  
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

     (0.073) (0.067)  

Sub-Industry Match     0.0481 0.0220  

     (0.062) (0.059)  

Main Occupation Match      -0.1889** -0.0434  

     (0.074) (0.070)  

Sub-Occupation Match     -0.0668 -0.2143***  

     (0.061) (0.060)  

        

Time FE      Yes Yes 

Worker Location Ind, 

and Occ FE 

     Yes  

Worker FE       Yes 

        

‘Effective’ N 417,723 417,723 417,723 417,723 417,723 417,676 266,713 

R2 0.051 0.479 0.489 0.499 0.500 0.518 0.745 
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Table B.27: The Effect of Wage Disclosure on the Posted Wage in Successful 

Applications (Panel B) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage2 0.3553*** 0.9597*** 0.9630*** 0.9587*** 0.9559*** 0.9284*** 0.9899*** 

 (0.077) (0.177) (0.171) (0.168) (0.167) (0.162) (0.159) 

Disclose* UnderWage2 -3.8299*** -3.0240*** -2.6766*** -1.9033*** -1.8682*** -1.4853*** -0.4565* 

 (0.096) (0.074) (0.072) (0.067) (0.067) (0.065) (0.268) 

Disclose* OverWage2 -3.1518*** -0.2753*** -0.0597 0.4107*** 0.4194*** 0.4522*** 0.2914*** 

 (0.082) (0.065) (0.064) (0.065) (0.064) (0.063) (0.101) 

Worker wage  0.7331*** 0.6804*** 0.6340*** 0.6328*** 0.5541***  

  (0.011) (0.011) (0.011) (0.011) (0.011)  

Male  1.8535*** 1.2711*** 1.2284*** 1.1949*** 1.0922***  

  (0.081) (0.079) (0.074) (0.072) (0.056)  

Age   1.0201*** -0.0889 -0.1018 0.1222  

   (0.096) (0.103) (0.103) (0.094)  

Age^2   -0.0100*** 0.0039** 0.0041** 0.0011  

   (0.001) (0.002) (0.002) (0.001)  

Single    1.7973*** 1.5406*** 1.6453*** 1.5107***  

   (0.167) (0.165) (0.139) (0.131)  

Married   0.3249*** 0.1220* 0.1402** 0.2850***  

   (0.072) (0.069) (0.068) (0.065)  

Worker experience    0.2666*** 0.2697*** 0.2982***  

    (0.034) (0.035) (0.034)  

Worker experience^2    -0.0057*** -0.0058*** -0.0068***  

    (0.002) (0.002) (0.002)  

Post doc    9.1548*** 9.1810*** 8.9292***  

    (1.641) (1.642) (1.675)  

Phd    7.6327*** 7.6461*** 6.9039***  

    (0.821) (0.819) (0.809)  

MBA    4.5041*** 4.5495*** 3.4972***  

    (0.596) (0.595) (0.577)  

Master    3.9606*** 3.9789*** 2.8979***  

    (0.535) (0.535) (0.532)  

Bachelor    2.1510*** 2.1758*** 1.4939***  

    (0.531) (0.531) (0.530)  

Tech college    0.2800 0.3084 -0.0961  

    (0.530) (0.530) (0.531)  

Secondary    -0.4639 -0.4764 -0.5034  

    (0.566) (0.565) (0.558)  

Tongzhao     0.7572*** 0.7510*** 0.8427***  

    (0.072) (0.072) (0.070)  

985/211    0.2358** 0.2330** 0.2608***  

    (0.098) (0.098) (0.096)  

Intensively Search    0.6438*** 0.6580*** 0.8391***  

    (0.057) (0.057) (0.054)  

Moderately Search    3.7246*** 3.6614*** 3.1450***  
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    (1.097) (1.099) (1.084)  

Stay    1.5590*** 1.5520*** 1.7604***  

    (0.053) (0.053) (0.051)  

Tenure 1    -0.0624*** -0.0648*** -0.0019  

    (0.013) (0.013) (0.013)  

Tenure 2    -0.0981*** -0.0978*** -0.0198  

    (0.014) (0.014) (0.014)  

Domes 1-19    0.7314*** 0.7221*** 0.5992***  

    (0.128) (0.127) (0.126)  

Domes 20-39    0.3074** 0.3141** 0.2854**  

    (0.135) (0.134) (0.127)  

Domes 40-59    -0.0863 -0.0786 -0.0171  

    (0.135) (0.135) (0.133)  

Domes 60-99    0.3584*** 0.3664*** 0.1399  

    (0.109) (0.109) (0.108)  

Dome 100-199    0.1334** 0.1493** 0.2106***  

    (0.064) (0.064) (0.062)  

World 1-19    1.8119** 1.7842** 1.3492  

    (0.865) (0.866) (0.827)  

World 20-39    -0.6894* -0.6893* -0.3599  

    (0.379) (0.378) (0.366)  

World 40-59    1.8984*** 1.8608*** 1.1172***  

    (0.319) (0.319) (0.307)  

World 60-99    0.9680*** 0.9274*** 0.9013***  

    (0.338) (0.338) (0.322)  

World 100-199    -0.2033 -0.1856 -0.1113  

    (0.172) (0.172) (0.158)  

Account days    0.0698*** 0.0702*** 0.0640***  

    (0.005) (0.005) (0.005)  

Resume Completeness     0.3968*** 0.3986*** 0.2636***  

    (0.039) (0.039) (0.038)  

Membership    0.2172*** 0.2242*** 0.1181*  

    (0.070) (0.070) (0.068)  

Elite    4.2103*** 4.1608*** 3.3131***  

    (0.090) (0.092) (0.098)  

Batch Apply     0.0966 -0.1528*  

     (0.083) (0.082)  

Lens*1     -0.3737*** -0.0308  

     (0.094) (0.091)  

Lens*2     0.1689 0.3176**  

     (0.152) (0.150)  

Log (wage gap)     0.0114*** 0.0100***  

     (0.003) (0.003)  

City Match     0.6575*** -0.4207***  

     (0.110) (0.102)  

Province Match     -0.5104*** -0.3007***  

     (0.120) (0.111)  

Main Industry Match     0.4902*** -0.1302*  
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Standard errors in parentheses, clustered by job.   *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

     (0.083) (0.076)  

Sub-Industry Match     0.2594*** 0.1689**  

     (0.069) (0.066)  

Main Occupation Match      -0.1408 -0.0697  

     (0.087) (0.080)  

Sub-Occupation Match     -0.1372** -0.3098***  

     (0.069) (0.065)  

        

Time FE      Yes Yes 

Worker Location Ind, 

and Occ FE 

     Yes  

Worker FE       Yes 

        

‘Effective’ N 417,723 417,723 417,723 417,723 417,723 417,676 266,713 

R2 0.010 0.380 0.390 0.404 0.406 0.428 0.698 

Appendix for "Should I Show or Should I Hide – When Do Jobseekers Reveal Their Wages?"
Chapter B

337



 

Table B.28: The Effect of Wage Disclosure on the Posted Wage in Successful 

Applications (Panel C) 

 (1) (2) (3) (4) (5) (6) (7) 

OverWage3 0.3806*** 1.9608*** 1.5366*** 1.3689*** 1.3362*** 1.8679*** 1.2588*** 

 (0.082) (0.160) (0.154) (0.149) (0.148) (0.147) (0.146) 

Disclose* UnderWage3 -3.4499*** -2.4938*** -2.3438*** -1.7302*** -1.6982*** -1.3754*** -0.1924 

 (0.098) (0.075) (0.074) (0.070) (0.071) (0.068) (0.279) 

Disclose* OverWage3 -3.1995*** -0.1313* -0.0225 0.3682*** 0.3664*** 0.3649*** 0.2049** 

 (0.094) (0.073) (0.072) (0.071) (0.071) (0.070) (0.100) 

Worker wage  0.7079*** 0.6688*** 0.6286*** 0.6273*** 0.5458***  

  (0.012) (0.012) (0.012) (0.012) (0.012)  

Male  1.6208*** 1.2660*** 1.1320*** 1.0793*** 0.9060***  

  (0.086) (0.084) (0.080) (0.078) (0.063)  

Age   0.4032*** -0.4347*** -0.4409*** -0.2277**  

   (0.115) (0.122) (0.121) (0.111)  

Age^2   -0.0027 0.0080*** 0.0081*** 0.0050***  

   (0.002) (0.002) (0.002) (0.002)  

Single    1.6951*** 1.4609*** 1.5346*** 1.4076***  

   (0.184) (0.182) (0.153) (0.143)  

Married   0.1942** 0.0168 0.0340 0.1563**  

   (0.077) (0.074) (0.072) (0.068)  

Worker experience    0.1655*** 0.1695*** 0.1962***  

    (0.040) (0.040) (0.039)  

Worker experience^2    -0.0033* -0.0034* -0.0045**  

    (0.002) (0.002) (0.002)  

Post doc    - - -  

        

Phd    6.2014*** 6.2554*** 5.5029***  

    (0.813) (0.810) (0.784)  

MBA    3.2228*** 3.3037*** 2.2096***  

    (0.531) (0.527) (0.492)  

Master    2.4848*** 2.5418*** 1.5003***  

    (0.439) (0.436) (0.417)  

Bachelor    1.4848*** 1.5468*** 0.8865**  

    (0.425) (0.423) (0.402)  

Tech college    0.0020 0.0592 -0.3708  

    (0.421) (0.418) (0.395)  

Secondary    -0.5679 -0.5661 -0.6096  

    (0.494) (0.491) (0.466)  

Tongzhao     0.8262*** 0.8236*** 0.9350***  

    (0.075) (0.075) (0.073)  

985/211    0.2122** 0.2163** 0.2631***  

    (0.104) (0.104) (0.101)  

Intensively Search    0.8333*** 0.8409*** 1.0058***  

    (0.062) (0.062) (0.059)  

Moderately Search    3.8411*** 3.7754*** 3.3350***  
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    (1.215) (1.216) (1.212)  

Stay    1.8179*** 1.8081*** 1.9775***  

    (0.059) (0.059) (0.057)  

Tenure 1    -0.0678*** -0.0708*** -0.0064  

    (0.014) (0.014) (0.014)  

Tenure 2    -0.0965*** -0.0969*** -0.0234  

    (0.016) (0.016) (0.016)  

Domes 1-19    0.7417*** 0.7290*** 0.6047***  

    (0.137) (0.137) (0.136)  

Domes 20-39    0.3719** 0.3725** 0.3393**  

    (0.146) (0.145) (0.138)  

Domes 40-59    -0.0915 -0.0876 -0.0527  

    (0.145) (0.145) (0.142)  

Domes 60-99    0.3631*** 0.3726*** 0.1421  

    (0.119) (0.119) (0.118)  

Dome 100-199    0.2379*** 0.2499*** 0.2689***  

    (0.068) (0.068) (0.065)  

World 1-19    1.6843* 1.6324* 1.2112  

    (0.920) (0.920) (0.875)  

World 20-39    -0.6642 -0.6609 -0.1137  

    (0.413) (0.412) (0.399)  

World 40-59    2.0541*** 2.0222*** 1.2639***  

    (0.333) (0.333) (0.320)  

World 60-99    1.0001*** 0.9762*** 1.0551***  

    (0.358) (0.357) (0.339)  

World 100-199    -0.3888** -0.3801** -0.2672  

    (0.180) (0.179) (0.163)  

Account days    0.0721*** 0.0723*** 0.0667***  

    (0.005) (0.005) (0.005)  

Resume Completeness     0.3639*** 0.3557*** 0.2089***  

    (0.042) (0.042) (0.040)  

Membership    0.2587*** 0.2593*** 0.1510**  

    (0.073) (0.073) (0.071)  

Elite    4.0192*** 3.9550*** 3.0931***  

    (0.099) (0.100) (0.111)  

Batch Apply     0.2664*** 0.0465  

     (0.091) (0.090)  

Lens*1     -0.2292** 0.0839  

     (0.104) (0.101)  

Lens*2     0.1532 0.2946*  

     (0.171) (0.169)  

Log (wage gap)     0.0109*** 0.0097***  

     (0.003) (0.003)  

City Match     0.3486*** -0.5437***  

     (0.126) (0.116)  

Province Match     -0.2360* -0.0925  

     (0.137) (0.126)  

Main Industry Match     0.4671*** -0.0986  
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Standard errors in parentheses, clustered by job. *** p<0.01, ** p<0.05, * p<0.1 

 

 

 

 

 

 

 

 

 

 

 

 

     (0.091) (0.084)  

Sub-Industry Match     0.2796*** 0.1767**  

     (0.075) (0.070)  

Main Occupation Match      -0.1389 -0.0323  

     (0.093) (0.089)  

Sub-Occupation Match     -0.1768** -0.3632***  

     (0.072) (0.070)  

        

Time FE      Yes Yes 

Worker Location Ind, 

and Occ FE 

     Yes  

Worker FE       Yes 

        

‘Effective’ N 368,962 368,962 368,962 368,962 368,962 368,914 229,450 

R2 0.009 0.376 0.380 0.392 0.393 0.416 0.697 
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B.7 Discussions on Marital Status Revealing

B.7.1 Worker’s Characteristics and Marital Status Revealing

When workers set up their profiles, they are required to select their marital status
from three options: 1) Single, 2) Married, 3) Confidential. Different from the wage
revealing setting, wherewe can observe bothworkers’ wages aswell as their disclosure
option, if a worker chooses his marital status as "confidential", the platform does not
know his actual marital status.

According to the results from Table 2.1, there is a negative relationship between
revealing wage and revealing marital status. To better describe the characteristics of
workers that contribute to the marital status revealing, we regress the disclosure of
marital status on a set of worker’s characteristics used in Table 2.1 (except the high-
wage worker indicators), and report the estimation results in Table B.29. The indepen-
dent variable is 1 if the worker discloses his marital status (chooses his marital status
as "Single" OR "Married").

Consistent with the results in wage revealing, male, especially older male workers
are more likely to disclose their marital status. In addition, the increase of wage, years
of working experience and education level leads to higher probability of marital status
disclosure. Workers who disclose their current wages are unlikely to disclose marital
status.

341



 

Table B.29: The Effect of Applicants’ Characteristics on Disclosing Marital Status 

 (1) (2) (3) (4) (5) (6) (7) 

        

Male 0.0757*** 0.0397*** 0.0428*** 0.0393*** 0.0345*** 0.0249*** 0.0281*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Age  0.0202*** 0.0158*** 0.0156*** 0.0152*** 0.0145*** 0.0136*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Age^2  -0.0008*** -0.0003*** -0.0003*** -0.0003*** -0.0003*** -0.0003*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Age*Male  0.0040*** 0.0036*** 0.0021*** 0.0019*** 0.0026*** 0.0031*** 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Age^2*Male  -0.0001*** -0.0001*** -0.0000 -0.0000 -0.0000** -0.0000 

  (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Wage   0.0005*** 0.0003*** 0.0006*** 0.0007*** 0.0008*** 

   (0.000) (0.000) (0.000) (0.000) (0.000) 

Disclose Wage   -0.0188*** -0.0174*** -0.0192*** -0.0163*** -0.0155*** 

   (0.001) (0.001) (0.001) (0.001) (0.001) 

Experience    0.0065*** 0.0062*** 0.0060*** 0.0055*** 

    (0.000) (0.000) (0.000) (0.000) 

Experience^2    -0.0003*** -0.0003*** -0.0003*** -0.0003*** 

    (0.000) (0.000) (0.000) (0.000) 

Post doc    0.0470** 0.0477** 0.0704*** 0.0747*** 

    (0.020) (0.020) (0.020) (0.020) 

Phd    0.0443*** 0.0465*** 0.0695*** 0.0730*** 

    (0.008) (0.009) (0.009) (0.009) 

MBA    0.0590*** 0.0570*** 0.0650*** 0.0630*** 

    (0.006) (0.006) (0.006) (0.006) 

Master    0.0521*** 0.0529*** 0.0658*** 0.0637*** 

    (0.006) (0.006) (0.006) (0.006) 

Bachelor    0.0610*** 0.0597*** 0.0600*** 0.0552*** 

    (0.005) (0.005) (0.005) (0.005) 

Tech college    0.0421*** 0.0401*** 0.0375*** 0.0349*** 

    (0.005) (0.005) (0.005) (0.005) 

Secondary    0.0060 0.0044 0.0028 0.0047 

    (0.007) (0.007) (0.007) (0.007) 

Tongzhao     0.0013 0.0012 0.0007 0.0027** 

    (0.001) (0.001) (0.001) (0.001) 

985/211    -0.0042** -0.0025 -0.0016 -0.0009 

    (0.002) (0.002) (0.002) (0.002) 

Intensively Search    0.0189*** 0.0196*** 0.0181*** 0.0164*** 

    (0.001) (0.001) (0.001) (0.001) 

Moderately Search    -0.0122 -0.0104 -0.0118 -0.0155 

    (0.019) (0.019) (0.019) (0.019) 

Stay    0.0112*** 0.0109*** 0.0114*** 0.0096*** 

    (0.001) (0.001) (0.001) (0.001) 

Tenure 1    -0.0007*** -0.0008*** -0.0010*** -0.0009*** 
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    (0.000) (0.000) (0.000) (0.000) 

Tenure 2    0.0042*** 0.0039*** 0.0034*** 0.0032*** 

    (0.000) (0.000) (0.000) (0.000) 

Domes 1-19    0.0152*** 0.0162*** 0.0147*** 0.0121*** 

    (0.002) (0.002) (0.002) (0.002) 

Domes 20-39    0.0241*** 0.0231*** 0.0167*** 0.0145*** 

    (0.002) (0.002) (0.002) (0.002) 

Domes 40-59    0.0163*** 0.0159*** 0.0117*** 0.0091*** 

    (0.003) (0.003) (0.003) (0.003) 

Domes 60-99    0.0118*** 0.0133*** 0.0143*** 0.0124*** 

    (0.002) (0.002) (0.002) (0.002) 

Dome 100-199    0.0112*** 0.0091*** 0.0082*** 0.0074*** 

    (0.002) (0.002) (0.002) (0.002) 

World 1-19    -0.0473*** -0.0461*** -0.0239 -0.0202 

    (0.016) (0.016) (0.016) (0.016) 

World 20-39    0.0070 -0.0058 0.0036 0.0061 

    (0.009) (0.009) (0.009) (0.009) 

World 40-59    -0.0251*** -0.0262*** -0.0170*** -0.0143*** 

    (0.005) (0.005) (0.005) (0.005) 

World 60-99    -0.0336*** -0.0221*** -0.0124** -0.0105* 

    (0.006) (0.006) (0.006) (0.006) 

World 100-199    -0.0123*** -0.0068** -0.0035 -0.0018 

    (0.003) (0.003) (0.003) (0.003) 

Elite     0.0112*** 0.0090*** 0.0062*** 

     (0.002) (0.002) (0.002) 

Account days     0.6352*** 0.6292*** 0.6197*** 

     (0.008) (0.008) (0.008) 

Resume Completeness      1.7141*** 1.5361*** 1.4868*** 

     (0.089) (0.088) (0.089) 

Membership     -0.0172*** -0.0158*** -0.0158*** 

     (0.001) (0.001) (0.001) 

Number of 

Applications 

    -0.0002*** -0.0002*** -0.0002*** 

     (0.000) (0.000) (0.000) 

Log (wage gap)     0.0112*** 0.0090*** 0.0062*** 

     (0.002) (0.002) (0.002) 

City Match     -0.0081*** -0.0080*** -0.0076*** 

     (0.002) (0.002) (0.002) 

Province Match     0.0278*** 0.0287*** 0.0271*** 

     (0.002) (0.002) (0.002) 

Main Industry Match     -0.2574*** -0.2745*** -0.2675*** 

     (0.001) (0.002) (0.002) 

Sub-Industry Match     0.1669*** 0.1730*** 0.1726*** 

     (0.001) (0.001) (0.001) 

Main Occupation 

Match  

    -0.1268*** -0.1225*** -0.1343*** 

     (0.002) (0.002) (0.002) 

Sub-Occupation Match     -0.0263*** -0.0289*** -0.0285*** 
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Standard errors in parentheses, clustered by worker’s sub-occupation.   *** p<0.01, ** 

p<0.05, * p<0.1 

Note: In this table, column 6 controls for the worker’s location fixed effect, and column 7 

further controls for the worker’s industry and occupation fixed effects.

     (0.002) (0.002) (0.002) 

        

‘Effective’ N 941,733 941,733 941,733 941,733 941,733 941,697 941,695 

R2 0.006 0.058 0.063 0.134 0.136 0.144 0.148 
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B.7.2 Age and Marital Status Revealing

We can expect that people tend to disclose their marital status with the increase of
age. In this section, we use worker’s age as a proxy for the marital status, and predict
the probability of marital status disclosure for both male and female workers with re-
spect to age. The variables used in the prediction are age quartics and the interactions
with other worker’s characteristics, including gender, education, working experience,
employment status, industry and occupation.

Figure B.15 to B.17 plot the predicted probability of marital status revealing and the
difference between male and female workers. It suggests that males are more likely to
disclose their marital status than females at any age, especially after 30. The gender
difference in marital status revealing is mainly driven by the difference in disclosing
as "married" and disclosing as "single" is not significantly different between male and
female workers.
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Figure B.15: Age and Marital Status Revealing

Figure B.15a: Share of Revealing Martial Status as a Function of Age

Figure B.15b: Predicted Male Share - Predicted Female Share in Revealing Martial Sta-
tus
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Figure B.16: Age and Marital Status Revealing as "Single"

Figure B.16a: Share of Revealing Martial Status as a Function of Age

Figure B.16b: Predicted Male Share - Predicted Female Share in Revealing Martial Sta-
tus
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Figure B.17: Age and Marital Status Revealing as "Married"

Figure B.17a: Share of Revealing Martial Status as a Function of Age

Figure B.17b: Predicted Male Share - Predicted Female Share in Revealing Martial Sta-
tus
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Appendix C

Appendix for "Measuring Algorithmic

Bias in Job Recommender Systems: An

Audit Study Approach"

C.1 Resume Audit Study Experimental Design

C.1.1 Job Type Selection

In each job board, 35 types of jobs were selected based on three criteria: the number
of active job openings, the job’s gender type (female-dominated jobs, gender-balanced
jobs, and male-dominated jobs), and hierarchy level (entry, middle, and high). For
each job type, I scraped 50 job ads to determine the education level and academicmajor
that are required by most employers. In addition, 50 resumes in the job type were
employed to derive the current wages (adjusted to be age-appropriate).

Table C.1 to C.4 list the selected job type (industry-occupation cell) in each job
board, the corresponding hierarchy level (low, middle, high), the required education
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level, and the major. Current wage (,) represents current wages for (young, older)
workers in 10k RMB, respectively.
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Table C.1: Selected Job Types in Job Board 1
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Table C.3: Selected Job Types in Job Board 3
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Notes: The industry in job board 4 is set as "all industries".
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C.1.2 Fictitious Resume

The resumes only contain the basic information required by each job board to reg-
ister as a valid job seeker. The first section of a fictitious resume is personal informa-
tion, including worker’s name, birth date, years of working experience, current wage,
city, employment status, phone number, and email address. The second part is about
worker’s education: the highest education level, time period, university name andma-
jor. The third part describes worker’s working experience of themost recent job includ-
ing the time period, company name, occupation, industry, job title, and job description.
The last part is worker’s intention for future jobs, including desiredwage, desired loca-
tion, desired industry, and occupation. Twoworkers in each gender pair have identical
backgrounds, and four workers in each group (youngmale, young female, older male,
older female) are placed in each job type.

Personal Information

Name: I picked up the most popular first and last names to make up the names of
fictitious applicants. Based on the statistics from 2015 Chinese Census 1% Population
Sample, I chose the top 20 last names, top 15 male first names, and top 15 female first
names as the applicants’ name pool (listed in Appendix C.1.2). For each applicant,
the last name and first name corresponding to the applicant’s gender will be randomly
drawn from the name pool. Although gender is explicitly stated in the resume and
we do not need applicant’s name to denote gender, I still adopted first names that are
consistent with a worker’s gender to make the fictitious profile as common and real as
possible.

Names of Fictitious Applicants

Last name: 李(Li), 王(Wang), 张(Zhang), 刘(Liu), 陈(Chen), 杨(Yang), 赵(Zhao),
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黄(Hunag),周(zhou),吴(Wu),徐(Xu),孙(Sun),胡(Hu),朱(Zhu),高(Gao),林(Lin),
何(He),郭(Guo),马(Ma),罗(Luo).
Male First Name: 伟(Wei), 强(Qiang), 磊(Lei), 军(Jun), 洋(Yang), 勇(Yong), 杰(Jie),
涛(Tao),超(Chao),平(Ping),刚(Gang),浩(Hao),鹏(Peng),宇(Yu),明(Ming).
Female First Name: 芳(Fang), 娜(Na), 敏(Min), 静(Jing), 丽(Li), 艳(Yan), 娟(Juan),
霞(Xia),婷(Ting),雪(Xue),丹(Dan),英(Ying),洁(Jie),玲(Ling),燕(Yan).

Birth Date: Employers infer worker’s age from the birth date. Instead of varying
workers’ age directly, I used their graduation year to classify the age level, and "older"
workers refer to oneswhograduated earlier andhavemoreworking experience. Appli-
cants have two potential age levels: Youngworkers graduated in 2017, and oldworkers
graduated in 2007. After a worker’s graduation year is fixed, his age is jointly deter-
mined by the graduation year and his education level. The advantage of this design is
that workers’ years of working experience are equalized within each age level. More
specifically, young workers are 25 (with a college degree, born in 1995) or 26 (with a
bachelor’s degree, born in 1994) with three years of working experience, 35 or 36 years
old are for the senior workers with more than 5 years of working experience. Workers
in the gender pair have the same randomly drawn birth month and day.

Years of Working Experience: To simplify the profiles, I assumed workers started to
work just after they graduated from the university/college of their highest degree. As
discussed above, years ofworking experience is the difference between the current year
(2020) and the graduation year. For instance, if a worker graduated in 2017, then he
has 2020 – 2017, three years of working experience.

Current Wage: Fictitious workers’ wages are drafted based on wages of active work-
ers in job boards by matching their current job position as well as working experience.
I used the hiring agent account in each platform and searched for workers that were
currently in the job positions and specified the working experience as "1 to 3 years"
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and "5 to 10 years" in March 2020. For each experience level in every job position, I
recorded the first 50 workers’ current wages shown in the search result and took the
average as the fictitious worker’s wage.

City: All of the four job boards are nationally recognized and cover most of the
regions in China, and over half of job postings are from first-tier cities. To achieve
enough amount of job recommendations, fictitious workers are currently living in the
first-tier cities, including Beijing, Shanghai, Shenzhen, and Guangzhou. Employment
Status: All of the workers are currently employed.

Phone number and email: Each applicant has a unique and active email address and
mobile phone number.

Education

Workers’ education level is designed to match jobs’ education requirements. For
each job type, I checked 100 job advertisements in February 2020 and listed the most
common education. 85% of job ads required workers had a bachelor’s or junior college
degree. Bachelor’s degree often takes 4 years to achieve, while junior college takes 3
years. The end time of school is the graduation year, and the start time of school de-
pends onworker’s education degree, which is three years (college degree) or four years
(bachelor’s degree) earlier than the graduation year. For instance, a young worker,
graduated with a bachelor’s degree in June 2017, is 26 years old (born in 1994) and
started his university program in August 2013.

Two workers in the same gender pair have the same educational background, and
the school’s name is randomlydrawn from theChineseHighEducation InstitutionList,
released by the Ministry of Education in 2019. Majors will also match job positions:
Computer Science/Software is for IT jobs, Mathematics/Statistics is for data position,
and economics/management/marketing majors are for other jobs.
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Recent Job History

Aswe assume all theworkers are currently employed, their recent jobs are their cur-
rent jobs. For youngworkers, their current jobs started inAugust in the yearwhen they
graduated with the highest degree (2017); for old workers, their current jobs started
five years ago, in March 2015, implying that they have 5 years tenure in their recent
positions.

I made up company names tominimize the disturbance to both job seekers and em-
ployers on job platforms. The company name consists of three parts: (1) company’s
location. It will be the same with worker’s current city. (2) company’s name. I used an
online business name generator to collect 100 company names listed below. The com-
pany name will be randomly assigned to each gender pair. (3) company’s industry. It
will be consistent with the job’s industry. An example of the company name is, Beijing
Dongya Internet Technology Company. Worker’s current occupation and industrywill
be the same as the job’s occupation and industry. Job title and job description are filled
in by words, and I set them as the job’s occupation.

Names of Company

东艾,森利,先卓,利晟,同通,富长盛,芯达,精典,尼佳,益复捷,生德,晶长,森益,金伙伴,
德光,茂全,鲜派,信顺康,龙丝,新耀协,佳丽,晖,佳洲,森道尔,皇祥千,润飞昌,福中荣,
基玉,如和,茂乾,翔鹏,南湘,圣泰,吉春,本寿,亚义金,耀浩,邦洁,宝复,洪进贵,永泰满,
显郦,华行,韵仪,格派,晶佩,迪和,领速,贝耀,信华诚,世力,舜杰,久福,曼新,仁大兴,
金祥元,泰伟飞,亚和金,吉振,和伟中,盛金缘,立韦,宏久,吉至,曼展,天联,金涛,网诚,
系广,圣金龙,易露发,嘉利华,聚顿,公同宏,威邦,力涛,恒蓝,铭航,中美公,永逸,同捷,
发和,易龙,汉金,干亚,翔洋,新都,茂进永,达通,娇罗,浩中和,东升,龙姿,隆新弘,仟顺,
越福,川实,中协吉,霸辉,洪谦,裕飞
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Job Intention

A worker searches for full-time jobs, in which the desired wage is 120% of his cur-
rent wage (or the wage range), and the desired city, industry, and occupation will be
the same as the current ones. The table below summarizes the information included
in worker’s resume.
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C.2 Robustness Check on Set Difference of Job Recom-

mendations

Table C.6: Gender Differences on Explicit Measures of Recommended Jobs

Notes:

1. Gender difference is computed from the mean of male-only jobs minus the mean of
female-only jobs.

2. In column 2, standard errors are in parentheses, which are derived from two-sample
t-tests with unequal variance.

3. Column 3 reports z-value fromWilcoxon Rank-sum Test.

4. *** p<0.01, ** p<0.05, * p<0.1.
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C.3 List Difference of Job Recommendations

Table C.7: List Difference Rate in Job Recommendations

Notes:

1. List difference is defined as the share of different recommendations in the recommenda-
tion list, as shown in Figure 2b.
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Table C.8: Gender (List) Differences on Explicit Measures of Recommended Jobs

Notes:

1. Gender difference is computed from the mean of male-only jobs minus the mean of
female-only jobs.

2. In column 2, standard errors are in parentheses, which are derived from paired-sample
t-tests.

3. Column 3 reports z-value fromWilcoxon Signed Rank Test.

4. *** p<0.01, ** p<0.05, * p<0.1.

C.4 Words in Job Recommendations

368



A
ppendix

for
"M

easuring
A
lgorithm

ic
B
ias

in
Job

R
ecom

m
ender

System
s:

A
n

A
udit

Study
A
pproach"

C
hapter

C
Figure C.1: Word Cloud from Job Ads
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Table C.9: Resume Information Generation
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Notes:

1. Table C.9 shows the extracted words from job ads in four job boards, and the restrictions are described in Section 6.2.2.

2. Every listed word includes its variations on parts of speech, such as leadership vs leading, and confidence vs confident.

3. "fiveone" represents "five social insurance and one housing fund" (五险一金), including endowment insurance, medical
insurance, unemployment insurance, employment injury insurance, maternity insurance, and housing fund. Big and small
week describes the working schedule in which workers have one-day rest in one week and two-day rest in the next week.
Big company indicates companies that have more than 1000 employees. Tongzhao means university or college admission
is through Gaokao in high school.
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C.4.1 Survey from Amazon MTurk

To determine the gendered perceptions of words, I recruited participants from
Amazon’s Mechanical Turk (MTurk) in September 2021 to choose whether the exis-
tence of a certain word in the job ad indicates gender stereotypes and implicit gender
preferences of employers.

The survey question is: “Suppose you are the hiring agent of a company, and plan
to post a job advertisement that contains the word X in the job description. This in-
dicates that you prefer to hire (1) no gender request for worker; (2) male worker; (3)
female worker”. In total, 86 valid surveys were collected from people between the ages
of 25 to 55, and 56% of them were men. The gender score of a word is computed as:

Score = -1*number of participants choose (3) + 1* number of participants choose (2)

, in which -1 indicates the extreme female word and 1 implies the extreme male word.
The average gender score of words in the survey is 0.0905 and the standard deviation is
0.1111. Male words are defined as words whose scores are above one standard devia-
tion from themean, 0.2016, and femalewords’ scores are below one standard deviation
from the mean, -0.0206.1

1tierone university and tongzhao are excluded from the surveyedwords because they are only iden-
tified in the Chinese high-level education system.
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Table C.10: Gendered Words from Amazon MTurk Survey

C.4.2 Survey from Amazon MTurk

The Chinese version of the survey on people’s perceptions about gendered words
in job ads was conducted in Wenjuanxing (问卷星) in September 2021. The surveyed
question is the same as the one from AMturk, but in Chinese: 假设您是公司HR，发
布的招聘广告中包含以下词汇，代表您倾向于招聘(1)性别不限; (2)男员工; (3)女员
工。

79 valid respondents participated in the survey, 81% of themwere between 25 to 55
years old and 73% of themwere men. The average gender score of words in the survey
is 0.0962 and the standard deviation is 0.0721. Male words are defined as words whose
scores are above one standard deviation from the mean, 0.1683, and female words’
scores are below one standard deviation from the mean, 0.0241.
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